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The quality of Force Fields (FF) determines accuracy of observations made through
molecular simulations. Accuracy of such simulations may be achieved by explicit inclusion

of electronic polarization, such as via the implementation of the Drude harmaotatasc

as in Drude Polarizable FF. Although the Drude Polarizable FF spans a large range of
biomolecules including proteins, nucleic acids, lipids and carbohydrates, an expansion of
its small molecule FF is essential, given the vastness of chemical Spabean expansion

must be accompanied by the optimization of van der Waals (vdW) interactions, in the

context of the Lennardones (LJ) formalism.

Optimization of the LJ parameters is a multivariate and robijgctive problem
and is one of the most alenging aspects of FF optimization. Through this thesis, we have
developed a method that utilizes the sampling power of Latin Hypercube Design (LHD)
and learning abilities of Deep Neural Network (DNN) to overcome some of these
challenges. The model isatned on empirical pure solvent/crystal properties of a selected
set of fAtraining seto compounds, where the 1
gas phase and condensed phase properties. The optimized LJ parameters are validated for

transferabil t y on fdAvalidation seto compounds, wh i



experimental thermodynamic properties such as hydration free energy and dielectric

constants, are also verified.

Chapter 1 of this thesis presents an introduction to underlyirggptsof FFs, with
a major focus on polarizable FFs. Chapter 2 details development of the method, using four
different chemical classes, i.e., alkenes, 3 and 4 membered rings and nitriles. Chapter 3
updates the method developed in chapter 2, addressinghtikenge of parameter
correlation. Chapter 4 applies the updated method to another chemical class (alkynes),
while Chapter 5 concludes the thesis and is a discussion of the challenges associated with

empirical FF development with a focus on LJ parameters

Overall, the method developed through this thesis addresses the most challenging aspect
of FF development, i.e., LJ parameter development, implemented in a manner that could

be utilized in context of development of both additive and polarizable FF.
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Chapter 1Force Fields ancelated concepts

1.1 Introduction

Molecular dynamic¢MD) simulations have come a long way from its fapplication
by Alder and Wainwright in 195Who used hard spheres to represg¢nins iracondensed
phase! Around 20 years lateits application to biology was first highlighted by thades
pertaining to theonformational changes in protefs Since thenMD simulations have
time and agairbeen utilizedto understand the molecular details mdchemical and
physicochemicgbhenomenauch agprotein dynamics, proteiligandinteraction, enzyme
catalysisto name a fevf® Rapid growth in computational power and increased efficiency
of computational algorithms, have allowed for simulations on biologically relevant
timescales, extending up to millisecoridiven its role in the drudesign process, it is of
utmost importance thauch biologicabvents depicted by MD are near accurate,that
theirreliability is convincing

The underl ying principl elawsaofimotidhappked® based
atomic coordinates requiring calculation of the forces acting on the atoms. To calculate
sweh forces, simple and empirically parametripedential energgquations referred to as
force fields are applied/ost force fields utilized today could be interpreted as the additive
sum of the intramolecular and intermolecular forces within the syst®¥hile the
intramolecular contributions to the total potential energy of a system comesheom
contributions from bonds, angles and torsions, the intermolecular interactions consist of
nonbonded componentsincluding LennardJones and Coul omb&6s tcel ectr o
interactions. Additive or fixegharge force fields are the current, widely used form of force

fields, characterized by fixed point charges on each atom, located on their nuclei. Examples
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of force fields include CHARMMChemistry at HARvard Macromolelew Mechanics¥
AMBER (Assisted Model Building with Energy RefinemeghtsROMOS (GROningen
MOlecular Simulation}® OPLS (Optmized Potentials for Liquid Simulation$)
MMFF(Merck molecular force field? etc.

The functional form of the potential energy function that is the foundation of the force

field, as incorporated in CHARMM, is represente@guation 1.1

Y'Y B 0 ® ©w B O — — B O p WEE ..
) B 0 1 B Yo % B V)
6 B ) A C B _

Equationl.1

The total potentiaénergy,”Y "¥? his a sum of the bonded (covalent) and the-bonded
(non-covalent) interactions. The bonded part of potential endaggribes contribution
from bond, angle, dihedral and impropennectivity between atoms in a moleculée
corresponding & go andwo terms are equilibrium values for bondsiglesand improper
angles, while K, Kq and Ky are their respective force constariffie potential energy
surface (PES) along equilibriunoibd length angle and improperaluesis described by
harmonic potential For the dihedral term, Kis the dihedral force constant adds the
phase for each multiplicity. A combination of dihedral parametewsith varying
multiplicity, n=1-6, maybe used to descrilibe PES alon@ specificdihedral angle. This
enablesPESto acquire diverse shape (with more than one maxima or minima), thus
representing the scenariorgalmolecules. In the CHARMM force field, the bonded part
of the potential energy is augmented using two additional terms: theBuaejey term?
and the CMAP ( fic 8*The &reytBradley temmagprésentstthe hanmonic

potential between the terminal atoms (1,3) defining a valence angle, wbere ke



respective force constant whiles the distance between the two atoms (1,3)ugnsltheir
equilibrium distance. The CMAP term is a crdesm between two dihedrals and is
currently applied to the backbone dihedrafsy] of proteins to improve their
conformational propertie3he nonrbonded contribution to the total potential energy of the
system is aum of a van der Waals (vdwdrm1® treaed by the Lennardones (LJ) 6.2
potentialt® " and an elecostatic term, represezd byCoulombd s 4 batween atoms.
These terms are defined by the well depth ant¥ | , the radius in the vdW term,
while gi andgj are the partial atomic charges of the two interacting atoms in thler@loic
term,rj is the distance between atoms in both vdW and Columbic terms. All the parameters
in the potential energy function are optimized targeting Quantum Mechanical (QM)
calculations and experimental structyeiergetiand thermodynamic propersi€On the
basis oftreatment of the electrostati@steractionsof a system atomistic FFcan be
categorized into two majotypes additive and polarizable force field& detailed
discussion of both the types of FFs can be found in the following sections.
1.2 Additive Force Fields

Additive or fixedcharge force fields are characterized by fixed partial charges
(monopole) on atoms without the explicit treatment of polarizatibaespite this
simplification, such force fields have most widely been applied in dlitde Dynamics
(MD) or Monte Carlo (MC) simulations for the study of biomolecular systems, drug design,
and material desigrCommonexamples of force fields based on the additive form are
CHARMM,® AMBER,® GROMOS!° OPLSAA, ' MMFF,*2 among other$®

The parameters related to any force field may be applicable to speeific

biomoleculesgroteins, nucleic acids, lipids and carbohydratesharegeneralizegmall



organic moleculesWhile the biomolecular force fieldsave applications related to the
study ofmacromoleculaevents such as protein foldingjcleic acid folding, nucleic acid
stabilization,ion-channel opening/closingic., small molecel FFs are typically used for
drug or material desigriThe two most widely utilized general force fields are General
Amber Force Field (GAFFY andCHARMM General Force Field (CGenFF)A detailed

description of theetwo FFs are provided in the following sections.

1.2.1CHARMM General Force Field (CGenFF)

CHARMM General Force Field (CGenFfyasdevdoped for small molecules as
part of the CHARMM additive force fieldt covers a wide range of small molecuhgth
its utilization and application to drug and material design. The wide range of parameters
covers most chemical functionalities in the cheahspace such as alkan&salkenes?
alkynes?! ethers?? esters’! aldehydeg! ketones’! alcohols?* amines?? nitriles,?! cyclic
alkaneg? cyclic etherg? akyl halides andhalide aromaticrings®* sulfur,?® and
phosphorous compoundetc. The intermolecular nebonded behavior of these chemical
functionalities is captured through the \dar Waals (vDW) formalism in the CHARMM
force field, treated by the Lennaddnes (612) potential, as shown in the equatiaf. 1
The LJ parameters and’Y | are optimized for each atom typessociated with a
chemical functionality. The atom types in CHARMvE the chemical identity of an atom,
basedon atomic connectivit§ingerprint their hybridization state, bond order tioe
neighboring atomstype of neighboring bonded atoprsumber ofhydrogen atoms, etc
Each of theseatom type are associated with a set of LJ parametevhjch makes a
significant contribution toits intemolecular nonbonded physical behavior. The

paranetrization strategy in CGenFF abides by the standard parametrization pgPasbcol



CHARMM. In this approach for smatholeculesa £t of modécompounds belonging to
aparticularchemical functionality are first optimizergetingQuantum Mechanics (QM)
based datauch asntramolecular geometriesiolecular dipole moment and its component
vectors, water interaction energies andistances potential energy scans of the
intramolecular degrees of freeddmbonds, angles, dihedral and improper angéesl
vibrational spectraThe overall philosophy of parametrization in CGenFF focuses on
transferability among the model compounds hstiat the parameters of these optimized
model compounds could be transferred to molecwidis similar chemicalkonnectivity
and functional group®nce the parameters for the model compounds are optintiesd,
are included in the force field, where tB&enFF prograii 28 can thenautomatically
assignparameters for new molecules basedanalogy with the existingarameters
CGenFF program is a decision tig@gsed algorithrthat initially assigns atom types
and then parameters, including both bonded andboon parameters to moleculdhe
atom typing scheme based on a carefullyucated list of rulesbased on their atomic
connectivity and bonded chemical environme@hce the atom types are assigned
analogous bonded parameters asdociateghenaltiesare identified based on analogy to
known parameterdPartial atomiccharges are then derived bdson an extended bond
charge increment protocdhat takes advantage of the previously assigned bonded
parameteré! Depending on theextent of analogy withthe existingparameters, this
program assigns penalties footh eleatostatic and bonded parameters, where a high
penalty indicatethe potential neefibr explicit optimizationof the moleculeAccordingly,
optimization of parameters associated with a compautidal for a particular studysuch

as a lead compound is resmeded to ensure reliability of their molecular behavior in MD



or MC simulations. Force field optimization tsauch asForce Field Toolkit (ffTK)?°
General Automatic Atomic Model Parametrization (GAAMRItility and the most recent
Force Field Parametrization (FFParahtpolkit are available to faciltitate such a process
whenever requiredt present, CGenFF includes a total of 728 model compounds of varied
chemical functionalitiesnicluding a total oil61 atom types, comprising of a8m types

for carbon, 29 for nitrogen, 19 for oxygen, 25 hydrogen and the rest of them belonging

to sulfur, phosphorous, halogen dadic atom types

1.2.2General AMBER Force Field (GAFF)

The General MBER Force Field (GAFFEf is the small moleculeomponent of the
AMBER additivebiomolecularFF developed primarily foprotein and nucleic acids?
with extensions to carbohydraf&s34 and lipids®> % The original version of GAFE
included 33 basic and 22 special atom types, offering a coverage to the chemical space
composed ofl0elementssiz. H, C, N, O, S, P, F, Cl, Br, andThe atom typeshn GAFF
are based onhemical connectivity/fingerprintdnformationsuch aghe atomic number,
number of bonded atoms, number of attadingttogensnumber ofelectronwithdrawing
groups hybridization state and aromaticitgnd bonded connectivityre camsidered for
classifying the atom types GAFF, much similar to CGenFEHR he prediction of théorce
field parameters in GAFF is undertaken by the Antechamber proiEime determination
of atom types is performed by matching each query atom through the atom type definition
string, suchthat a successful match follows the atom type assignniém. bonded
parameters are derived from the reference gateerated targetinQM results or crystal
structures. The partial atomic charges are obtained #dAMl-BCC semiempirical

model® or by using RESP scheme upon @Ndrived ESP charges the context of the



more recent GAFE® The suggested model chemistry for obtaining RESP charges is
HF/6-31G*® 40 41 The LJ parameters of GAFF are transferred from the parm99 force
fields.® > Parm99FF is a secondeneration FF originally built for pteins, nucleic acids

and organic moleculésyhile later improved for sugars, to improve representation of sugar
puckers in carbohydrates and helical repeats in prdteMstable tools available for the
optimization of GAFF ar&eneral Automatic Atomic Model Parametrization (GAAMP),

Force Field Toolkit (ffTK) and the recently develogearaMol*

1.3 Polarizable Force Fields

Although theadditive force fieldshave been widely used to studghemical and
biomolecularsystemsthe absence of explicit treatment of electronic polarizabllityits
its ability to address changes in the molecular dipole moments as a response to changes in
the polarity of the environmenA polarizable form of force field overcomes this limitation
by including the explicit treatment @lectronicpolarizability. Such force fields may be
based on different models including the Drude oscil/&tth fluctuating chargé” “€ or
induced dipole$®? The inclusion of a polarization terin force fields has been shown
suchto more accurately modaliclec acid base flipping® conformationakensitivity of
nucleic acids to ion typed improved modeling of RNA hairpir *6ion distribution
arourd duplexe$’ protein folding and simulations of intrinsically disordered protgins
the ability to accurately reproducket electrostatic potential of membrane systetf's
accurate reproduction of tiénding free energy ihostguest system¥ etc. Some major
examples of polarizable force fields include CHARMM Drude Polarizable Force*ield

46 AMOEBA,*® AMBER ff02*° OPLSAAP,%* 5 ReaxFFE®*® ¢ etc. The following



subsectionswill include a brief description of thgotential functionsused to tteat the

electrostatics imifferent models used ipolarizable force fields.

1.3.1Fluctuating Charge Model

The fluctuating charge (FQ) model, first described in*féficludes polarizability in a
system by redistributing the fixed partial charges on atomesponse to changes in the
electronic environmenSuch a modeteats fixed atomic partial chargas variables, such

that thevariation in thecharge on a site depds on its electronegativity and electronic
hardness, and the redistribution of the charge on a molecule is such that the
electronegativity on the site is maintainguating each MD steff such that the approh

is also referred to electronegative equalization.

In an isolated atonthe energy of creating a partial chaf@e can be expanded to second

order.

Ov O -0 0 Equationl.2
Where,..[ and0 are parameters dep#ent on the atom type. The parametEris the
Mulliken electronegativity of the isolated atom (per electronic chg@geandv s twice

the atomic hardnes$hus, tte total energy for a molecule is a sum of the charging energy
at each charge sitgven in equatiori.2 and intramolecular Coulomb interactions, i :

0O B .JO -BBOOO i Equationl.3
wherei is i i andd 1 0 , and he energy required to change the charges

from the gas phase valuesthe aqueous phase values is thus referred to as the polarization

energy.



Y B .fo0 -BBO O U i g 0 Equationl.4

In equation1.40 s the gagphase energy and is determined by minimizing the energy
with respect to the charges and is subjected to a charge conservation cofs$teai@
model has been implemented in the Universal Force Field (d&Floped by Rappe et
al.’® force fields developed byBerne, Friesner, and emorkers*” 4% %9 and in the
CHARMM fluctuating charge force fielt "*However, theFQ modekannotdescribe the
out-of-plane polarization directly for planar systems such as water and conjugated
moleculesand the polarization of monoatomic ioSsich effects can be representethe
model by adition of virtual siteg? althoughsuch an implementatiomakes the systems
computationallymoreexpensive®

1.3.2Induced Dipole Model

The induced dipole modef representing molecular polarizabilityses thenduceddipole
moment(* ) atanatomi, to directly derivats atomicpolarizability] and the electrostatic
field O acting on it

‘ | 80 Equationl.5

In equationl.6 the electrostatic field is a sum of theontributionsof the electrostatic
field due to the permanent atomic chaf@e), and the electrostatic field due to theher
induced dipoles)

O O © Equationl.6

The potential energy of polarizatioty , is calculatedising :

Y -0 Equationl.7



wherethe electrostatic energy of the system is calculated from clchagge, charge
dipole, and dipolalipole interactions.
AMOEBA®® %2 s the most notable example of a polarizable force field based on the
induced dipole modelvhich also includes multipoles for the treatment of electrostatic
interactionswhile AMBER®! and OPLS/PFF® alsouse this approaci®ther than these,
otherimplementatios are thdorce fields by Berne, Friesner anoworkers’® 76

Induced dipoles are typically calculated using itikeeative Self Consistent Field
(SCF) method’ thus making the processomputationally expensiveOver the years,
concerted efforts have found alternatives to the iterative SCF approach, such as the
IAMOEBA (in-expensive AMOEBA) lassical polarizable water model that directly
approximates polarizability by deriving the induced dipole moments from the permanent
multipole electric field® Another approach was the IiEL/SCF (inertial Extended
Lagrangian/SCF¥ approach proposed baughet. alwhich defined a set of auxiliary
induced dipoles which seed as the initial guess #n SCF solution of the real induced
dipoles Such an approach still requir8€F and did not fully eliminate the slowdown of
the simulationAlbaugh et. al further improvettheir own approacthrough
iEL/0-SCF"® by allowing the auxiliary inducgdipole to navigate the time evolution of the
real induced dipolestill staying close to the Bor®ppenheimer surfac&his approach
henceeliminated the role of SCF altogethénereby improving speed of the simulations
and overcoming its biggest limitation while still enhancing the accuracy of the FF.
Furthermore, recent efforts have also been made to \aspron speed, byombining the
IEL/O-SCF approach with stochastic integration approatiiat allows for a longer MD

time-step®°
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1.3.3Drude Oscillator Model

Drude Oscillator Model is an intuitive implementation for handling electronic
polarization whereirelectronicdistribution is representday avirtual particlepossessing
a negative chargejtached tahe heavyatonsvia a harmonic springrhis virtual particle
is termed atheDrude patrticleor oscillator Figurel.1 represents the use of Drude particles
to treat electronic polarizatian a modelC-O bond. The figure depicts the Drude paets
attached via a harmonic spring to the carbon atom (golden sphere) and oxygen atom (red
sphere), where @ the distance between the Drude oscillator from the nucletiseof
individualatonrs. Oxygen atom (red sphpgaien Galadgisithe $1,a s
the Drude particleThe faded regions around both the atomic spheres represent the
anisotropic distribution of the charge clouds around the atoms, their Drude particles and
the lone pair sites.

Drude Particle Drude Particle
Partial charge q, Partial charge qpo

Induced Dipole Lone Pair Site

ind _ .d
Uc 4p * Ac Atom O

Atom C Partial charge q,

Partial charge q;

Lone Pair Site
Carbon Atom Oxygen Atom

Figure 1.1: Schematic diagram of the classical Drude Oscillator Model ofCal®ond.
In the Drude FF, atomic polarizability is defineddepicted inequationl.8.
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| — Equationl.8

whereQ is theisotropicforce constant ofhe Drude-atom harmonic bond angl is the

charge of the Drude particl&€he displacement of the Drude particle from the nucléus

Q —2 Equationl.9

whered is proportional to the electric field E, yiéhd) the electronic response to the
environmentas described iequation 1.9The electronic polarizeon component of the
systembds potenti al e n e rpglarizagoh term, Ll catcdlated e s

based orthe harmonic bond energy between the Dspdeicles and their host atoms

Y OQ -QQ Equation1.10
Atomic polarizability can also be anisotropic, allowing for differential deformation of the
Drude particle in the three spatial dimensionghe local frame of the atanthe present
form of the Drude oscillator based pakable force field includes such anisotropic
polarizability where the isotropiorce constaniQ is expanded to an anisotropic tensor

K®). In such a representation of the anisotrgutarization Useris calculated &

Y -0 0Q 0 Q 0 Q Equationl.11

where,d:, b andds represent the coordinates of the Dradem displacement vectdrin
the three dimensions as described by a local, molecular reference Aaisetropic
polarization was first introduced in the Drud@@13 version of the FF for better treatment
of the functional groups that act as hydroggemd acceptor® The atoms which are
represented bthe anisotropic polarizability ternmay alsobe supplemented with virtual

sites representing their lone paiFsgure 11).
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Another electrostatic aspect of the Drude FF, whiobnmétted from additive FF, is the
consideration of 2 and 13 atomic dipoledipole interactionswherel-2 pairsrepresent

the interaction betweeahe dipoles otwo adjacent bonded atorasd1-3 pairsrepresent

the interaction between two terminal atoms separated by an atoimgstier bond with

atom 1 and atom 3While considering such interactions imprevihe depiction of

molecular dipoles and polarizabili#®® it could also lead to overlap of tlielectronic
cloudsppot entially | eadi ng .0ThusatheDudelpalarizalleat i o n
model also incorporates arsening factor or smearing factor known as the Thole scaling

factor, 8 as shown in :

" —Qono Equationl1.12

The Thole scaling is used to modify the2land 13 dipoledipole interactions, via
buffering the interactionassociated to thatomicdipole momentslefined by theDrude
particle and the atomic cowégth the partial atomic charge of the atom removedhedadtal
charge of the Drudatomic core pair is zef8.In practice, theextent of the Thole scaling
in specific molecules is optimized to more accurately reproduce QM molecular dipole and
polarizability tensors.

MD simulations with the Drude oscillator modaust be performed by allowing
the Drude oscillators to relax in the context of the surrounding electric field to achieve the
Born-Oppenheimer approximation. In simple terms, this may be performed minimizing the
Drude particles with the atomic positions fixed thereby achieviGgleCorsistentField
(SCH condition. However, this is computationally demanding. Alternatively, the Drude
particles may be treated usinge@tended Lagrangian approach. This invelassigning

a separate independent thermostat taCthale particleone at a lwer temperature than
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the thermostat associated with the rest of the sygtemthispurpose duatthermostats
such as the di-NoseHoover thermostdt* or duatLangevin Dynamics thermosftare
used. Recentlytemperaturggrouped thermostawvas also introduced tallow a better
control on the distribution of the energgnong the loal degrees of freedoffi.

The induced dipole and the Drude oscillator moaets similar in thathe finite
differences in the charges of the Drude particle to that of its parentatoreis essentially
a representation aninduced dipoleThis is true in the limit of an infitely high force
constant on the Drudearent spring in equatidnh8. However, the use of a finite value for
ko, 500kcalmol/A? as the default value, allows fdisplacement of the Drude from the
atomic core by approximately 0.1 j.of Such di
distortion of the electron distribution to be included in the Drude force field via inclusion
of LennardJones parameters on theudeparticles. This has been used to yield improve
treatment of Md' ions and halogens in the Drude force fitd®® °% %2In addition, as
mentioned above, tHerude oscillator modedlso utilizes virtual lone pair sites salected
heteroatomsepresentative of hydrogen bond acceptgeddinga more accurate treatment
of interactions with the environmerdspecially that of hydrogen bonds a function of
orientation Such offcentered location of chargesnplicitly representanultipoles. In
addition, the chargemay be anisotropiovherethe charges omwo lone pairsof, for
example, a carbonyl oxygen diff@ndLJ parameters may be assigned to lone pairs creating
an anisotropic vdWsurface of an atom, an approach that has been used to improve the
treatment of catioi interactions® 9295

Huang et. al (2017) showed that ieide and induced dipolaodels are essentially

equivalent with the respect to the treatment of electrostafius. was performedy
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converting the Drude oscillator formalism into a permanent multipole induced dipole
(MPID) formalism®® In the MPID model thenduced dipolesre treatedising Perturhtion
Theory,?’ while the multipoles are addressesing the concepts of spherical harmofifcs.
This leads to improve computational efficiency although the model is still computationally
more demanding than the Drude rabmh MD simulations using the extended Lagrangian
approach.
1.4 Optimization of Non-bonded Parameters inthe Drude Force Field
1.4.1Electrostatic Parameters

Assignment and optimization of the electrostatic parameters is a fundamental step
in the developmentf a force field.In the Drude Polarizable FRhis involves calculation
of the partial atomic charges, ta@mic polarizabilies( U) a n d scaléfaetorWwitho | e
the latter twadescribed in equatierl.8and1.12 Anisimov et. al (2005)mplemented an
approach to determirtbe partial atomic chargesnd polarizabilitiepy a restrained fitting
approachapplied toa series ofQM electrostatic potentials (EgPwvhich was initially
applied toa set ofnucleic acid base®¥ The ESP calculatons wereperformedat the
B3LYP/ccpVDZ or B3LYP/augcc-pVDZ model chemistryand thefitted electrostatic
properties wereshown to reproduce gaphase molecular dipole momentsand
polarizabilities.Later,Harder et. al (2006htroduced thenisotropic polarizatiortermon
hydrogen bond acceptors (equatidnll), accounting for asymmedr distortion of
electronic distribution aroundtomsin addition to the use dbne pairsto mimic local
multipoles®® Restraned Electrostatic Surface Potential (RE8PXxharges and
polarizabilitiesin conjunction with optimization of the Thole scale fact§reave hence

been usedn the Drude FFto successfully reproduce the gasase molecular dipole
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momentsand theirvectors, total molecular polarizabilitgnd its tensors, along with
reproduction of the condensed phase properties of the model compowwgunction
with the fitting of the LJ parametefs 86 88 10203

The first effort towards the automated prediction of the electrogtatametersn
theDrude FFwas undertaken by Heid ettafough a machine learning approg2019)°4
In that study theyested both a multilayer perceptron neural nekwaord a bongtharge
increment scheme for the prediction of the partial atomic charges and atomic
polarizabilities for molecules. The models were trained on QM derived REBBesand
atomic polarizabilities of ~10,000 drdifse compounds from the ZIN€® databaseAtom-
type information was used conjunction withatomicconnectivities ashe input feature
vectors for modetievelopmentAlthough the performance of thinedneural nework
on the validation sets was exceptional, it did not address certain keyefeatuthe
electrostatic parameters of Drude Polarizable FF. For example, the model was trained on
CHARMM additive FF atom typesgiven that the atom typer ftlie Drude General Force
Field OGenFH wasstill under development. Additionally, it did not adds the location
of virtual lonepair sitesanda default value of 1.3 was used for #ilethe Thole scale
factors.While anatomic Tholescale factoof 1.3 wasused irthe earlier versions of Drude
FFL9 optimizationof the Thole terms was subsequently shown tedsential for a better
representation of the molecular dipole morsemdpolarizabilitiest®” 198

Kumar et al. (2022) recently addresdbd limitations of the Heid approadly
developing a Deep Neural Netwof®NN) based model for the prediction thfe partial
atomic charges, atomic polarizabilities, and the Thole scale fadtbis.involved the

development of individual DNNs for each type of electrostatic paramdteesmoded
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weretrained on ~40,000 neutral and chardedymentlike molecule. The input atomic
charges and polarizabi |l it i e sworkywithaghe Begr i ved
difference being the inclusion of virtual lopair sites In addition the Thole scale factsy

for which there is no QM analogyere derivedfor the training set compoundsy
optimizing them to reproduce the QM molecular dipoles and palaititzes obtained with
MP2/Sadlemodel chemistryAdditionally, thismodel used Budeatom types assigned by

the inhouse adaptation of ti@enFF rules filéo generate Drude general force field atom
types using the CGenFF prograim addition to the q@orted validation and its exceptional
performance on a wide range of neutral and charged compounds, the model has since been
utilized by our lab, for the optimization of the electrostatic parameters for a wide variety

of chemical functionalitie§®® Thus, the development tife DNNmodek to automatically
generate electrostatic parametegis be considered as a wragteppingstone towards the
development of thddGenFFas well as allowingus to undertake a highroughput

optimization of a large number of compounds.

1.4.2Lennard-Jones Parameters

Development of the DGenHfequires a systematic extension to includefull range of
chemical functionalitiesThese includeyclic alkanes, terminal and conjugated alkenes,
alkynes, nitriles, amines, nittoenzyl species, bipyrroles, biphenyl ring compounds, fused
bicyclic ring compounds, certain heteroaromatic speaed,thiophenesbeyond those
present irbiological macromolecule3his requires the optimization of thennardJones

parameterghe well depthh  and the distance between the two +b@mded atomsand,
Y ; when the LJ potential energy surface reaches its miniriitie Lennarelones 6

12 form:
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Y B - i G i Equationl.13

The LJ formaksm represented by thel@ term in Drude FF, is used to represent sbtrt
rangerepulsive interactions associated withe Pauli exclusion principal anthvorable
interactions associated with London dispersion forces. The LJ parametansl’Y

are obtained from the individual parameterand’Y j for atom typa and- andyY

for atom typg through combining rules, with tHeorentzBerthelot rule&!® used with the
CHARMM and DrudeFFs. The individual parametersand’Y j are optimized based

on the experimental th@odynamic properties of multiplemall molecules sharing the
target chemical functionality and atdgpes. The experimental thermodynamic properties
typically used for the optimization of the LJ parameters inckmdbalpy of vaporization,

& Hap, enthalpy o f subl i samoieaular, volusaél W, dielectric constant,
isothermal compressibility, viscosity, etc. The following sections will describe the
historical developments in the LJ optimization methodology in CHARMM and the
challenges associated withe process.

1.4.2.1Lennard-Jones Parametrization Strategies in CHARMM History and
Developments

The development of the LJ parameters for empirical force fields is generally based on two
types of strategieis a. reproducing the experimental pure solvent/crystapegrties!*11°

of model compounds or b. usia initio interaction geometries and energtés'*1° as

the target data, om combination of botf®'?2 The general strafy in the CHARMM
relatedforce fieldsis to use a combination of botxperimental condensed phase, ahd

initio interactions with rare gas elements.
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Earliest optimization of LJ parameters tbe additiveCHARMM FF utilized only
experimental thermodynac properties such as enthalpy of vaporization and molecular
volume 2 One such previous work optimizing thd parameters of ethane depicted that
distinct sets of LJ parameters could yield similar and satisfactory reproduction of the
experimental properti€s:1?3 This was indicative of the parameter correlation protfém
125\where the LJ parametersand’Y j of same or different atoms compensdte the
extremities i n each ot her 6s magni tudes
properties:?2On the other hand, use of only comparatienitio values as the target data
for the optimization of LJ parameters have yielded suboptimal reproduction of the
experimental thermodynamic grerties'*® To overcome such a dilemma, on the choice of
the target data for optimization of the LJ parameters, YinNacKerell (1998 devised
an iterative twestep approach, includirigfirst, the selection of the rangé parameters
using theab initio interaction energies and distances withgaie elements He and Ne,
followed by the empirical calculation of condensed phase properties of the model
compounds?! Additional validation step in this method included calculation of the
solvation free energy of the compounds. Overall, the properties of the model alkane
compounds were reproduced with an accuracy within 2% of the experimentahdata,
confirming the overall quality of the LJ parameters optimized by the approach. This
approach has since been utilized for the optimization of the LJ parameters, yielding
parameters that satisfactorily reproduces the experimental thermodynamic ps3pét
120,122 fter this, Chen, Yin and MacKerell (2002) extended the application of the approach
to polar neutral compoundagain including hydration free energy as an additional

quantitativeproperty for validatiort?? The quality of the LJ parameters so optimized were
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reproduced within 1% of the experimental condensed phase fesparcluding the
enthalpy of vaporization, molecular volume and hydration free energy. This method has
since been successfully utilized to develop parameters for both addii®&MM and

polarizableDrude FFs?2? 86: 92, 100, 12627

1.4.2.2Challenges associated with the development of LennaitbnesParameters in
Empirical Force Fields
An important feature of an empirical force field is the transferability of the parameters to
new molecules not in the original training set. Accordingly, dpgmization of the LJ
parameters must be based on not ortarhutiple model compounds, representative of a
wide range of possible chemical connectivity, sharing the same functionaligrorger
to maximize the transferabilityAs the optimization is based on multiple model
compounds, the optimized parameters ngsable to reproduce experimental properties
of all such compounds. Such an approach makes the optimization «aniakle (- and
Y ) and multiobjective édHvap, & Hun, Vm, €tc) problem. The dimensionality of this
problem exponentially icreases with the addition of multiple ataypesthe compriséhe
same functional group, making it increasingly important to scan a wide range of LJ
parameters in order to locate the global optimum. Scanning a wide range of LJ parameters
would mean a highomputational cost, thus making a high throughput optimization for the
expansion of FF extremely expensive and tedious.

Such sampling challenges can be overcome by using systematic statistical methods
of sampling that can deal with the high dimenaldy of the LJ parameter space. Examples
of some sampling methods that can achieve this are Monte Carlo safipQugsiMonte

Carlo sampling?® Hammersley Sequence Samplii§Son | 6 s e anel batine s
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Hypercube sampling* Ideally the usef such sampling methods allow sampling from the
multidimensional LJ space, such that the overall didinbwf the space is captured via a
limited number of sets, thereby overcoming the challenge of computational expense.
However, such sampling approaclasne cannot overcome the challenge of finding the
global optimum such that the same set of LJ parametre suitable for a wide range of
compounds. To achieve this, Machine Learning approaches are often used along with
sampling methods such as mentioned above, for the development of empirical force
fields.133 134With the utilization of such statistical and machine learning methods, a rapid
and highthroughput optimization of the LJ parameters can be undertaken, such that
multiple chemical functionalities and atom types may be optimized teqgetill retaining

the quality that is sought in FF development.

1.5Current Status of Drude Polarizable Force Field

1.5.1Drude Biomolecular Force Field

At present the Drude Polarizable Force Fiefttompassea wide range obiological
macranolecuks including proteing®®: 107. 13837 nycleic acid$? 91 108 13840 gelected
lipids,*** 142 and selected carbohydratés: 1431 The optimization of biomolecular FF
parametergenerallyfollows the optimization strategy fdhe additiveCHARMM force

field with variations for the treatment of polarizability describedin earlier sections
Accordingly, the optimization of the biomoleculparameters is undertaken by using
representative model compounds. For example, optimization of the Drude FF parameters
for amide bonds was performed using-méthyl acetamide (NMA) and N;N
dimethylacetamid& while imidazole (neutral) and imédolium (protonated) analogs

were used to model parameters for neutral and charged histidine, respétiiTélg
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resulting parameters are then transferred to the corresponding macromolecules and
subjected to additional optimization targeting a range of target data on the larger molecules.
While this approach has led to welevelopediomolecular parameteis the Drude FF,
continuedstudiesinvolving the application of thesparameters tghysically different
environmentshallengethe FF 5399 leading to the identification of limitations requiring
additional improvements in the mode&his effort, which has involved over 20 years, has
ledto the creation 0160 atom types irude biomolecular FF, of whidimere are 5are
carbon,25 areoxygen, 1%renitrogen 23 arehydrogenswhile the resincludehalogens

such as F, Cl, Br, | antionoatomidons such as NaK*, Mg?*, andC&".

1.5.2Drude General Force Field (DGenFF)

At presentthe Drude FF haa limited set obrganicfunctionalitiesincluding alkane¥°
alkenegt*? alcohols'?® ethers’® aromaticst®® N-containing aromatic heterocyclit®
amides®® sulfur containing compoun¥$ and halogenated aliphatic and aromatic
compounds$® ®2These are based omaal of 142 organic small moleculasostlyselected

as model compounds f@rude biomolecular FF Given the vastres of chemical space
these functionalities do not completely represent the chemical space relevant to organic
druglike molecules. Thus, to expand the representation of all relevant chemical
functionalities in the Drude FF, the FF should be extended tadieccyclic alkanes,
terminal and conjugated alkenes, alkynes, nitriles, amines;b@trpyl species, bipyrroles,
biphenyl ring compounds, fused bicyclic ring compounds, certain heteroaromatic species,
thiophenesas well as othersSucha comprehensivéF based on a larger rangaall
moleculeswould representhe general FF fothe Drude model; theDrude General FF

(DGenFF)relevant to drug and material desidio. date, important steps towafd&enFF
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have been made including developmen€Cdé e n F F  p atamgypiagmdes to allow
assignment of th®GenFFatomtypesandwork towards prediction of the electrostatic
parameters® ¥"Work presented in this thesis significantly extends those efforts through
thedevelopmentof an improved métod forLennardJonegparametepptimization and its

application teadditionalchemical functionalitigspart of which was recently publish&d

1.5.2.1Adaptation of the CGenFF atomtyping rules for DGenFF

Automated identification of the atom types is a fundamental step towards the development
of DGenFF. Correct identification of the atom typdkws further assignment of the
electrostatic and bonded paramet&isavoid useibased erroras well as allow for rapid
generation of topologies and parameters for new molectilesuse of an automated
process for identification and assignment of gagameters is indispensable. CGenFF
progrant” 2has been used for the CHARMM adkit force field to(i) assign atom types
based on chemical nature and connectivity of atotm¥ identify related existing
parameters based on analogy to knatam types andonnectivityand(iii ) assignment of
penaltiego new parametetsased on analggo the known parameterfo generalize the
CGenFF program it was designed to read a rules file that allowed for continual expansion
and refinement of the atom types in CGenNBtably, this capability allowed for the
CGenFFrules fileto readily beadaped toperformatomtyping for DGenFF.

As DGenFF represent a new force field it was assigned a completely unique set of
atom types indicate by the letter Q after the first letters indicative of the element. Moreover,
given the functional differences introdced by inclusion of the explicit polarization, the
variety ofatomtypesbelonging to the same model compoundthin the two FFs can be

different To meet these issuesrules file for the DGenFF were thus adaptesin the
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CGenFF rules fileNew rules were introduced for 20 different atom types requiring more
specific treatment in DGenFF, while 53 different atom rules were directly transferred from
CGenFF to DGenFF. Theweaules were subjected tosystematitesting to validate their
ability to differentiate specific types from the more generic atom tyfjesadapted rules

file has since been utilized for tipeeparation of moleculagquiredfor the expansion of
DGenFF This included theatomtyping of over~40,000 druglike compounds from the
ZINC databasé? and FDA drug databagé® during the development of ti@N\N based

model for the prediction of the electrostatic parametérs

1.6 Force Field Parametrization Took for Drude Force Field

The process of optimization of FFs isiterative and tedious proeg thus also demding

a high degree of humanput. Accuracy is the major focus &F development, where the
overall goal is to optimizenolecules so that thgahysicalbehavior is accurately captured

in the condensedphase.The optimization strategy oDrude FFis similar to the
optimization strategy imdditive CHARMM FFswherethe electrostatic parameters are
optimized based on the QM molecular dipole moment, component dipole moment vectors,
QM molecular polarizability, its component polarizability tensand QM based water
interactions, while the bonded parameters are optimized to reproduvitipotential
energy surfacef the bonds, angles, dihedral and improper andias quality of the
bonded parametersalsotested by comparing the QM molecular ational spectra with

that in MM. Finally, the overall quality of the optimizedparameterss validated using
experimentalthermodynamic properties such as enthalpy of vaporization, enthalpy of
sublimation, molecular volumejelectric constant and hydratidree energyTo facilitate

the parametrization of small molecules sevdfgl optimization tool kitshave been

24



developed The most usedxamples ofparametrizatiortools that may be used for the
optimization of CHARMM FFs include the General automated atomic model
parameterization (GAAMPBY Force Field Toolkit (fTk),?% °and theFFParant! Of

these GAAMP and FFParam are also applicable to optimization of parameters for the

Drude polarizable force field, including the associatedteldstatic parameters.

1.6.1General automated atomic model parameterization (GAAMP)

GAAMP is a serverbased parametization tool that allows optimization of both
CHARMM and AMBER additive and pdarizableFFs.The electrostatic parameterthe
charges, polarizabilities andThole sceening factors are btained based onQM
electrostatic potential (ESP)The obtained parameters ra optimized using water
interactionenergieqif applicable)at a level of chemistry as applicable for the respective
FF. Theborded parameters are geatd automatically, basea @nalogyto parameters
present inthe given FFand the soft dihedralgptimizedby targeting the QM potential
energy surface scandhile thisserver could be utilized for a high throughput optimization
of Drude polarizable FF parametechianges in the optimization strategy of Drude FF,
derivation of RESP based charges and polarizabilities haghbeernmplemented in the
server.In addition,the explicit inclusion of computationgldemandingQM calculations
as part of thevorkflow can lead to excessively long run times.

1.6.2Force Field Toolkit (ffTk)

Another tooldevelopd as gluginfor the Visual Molecular Dynamics (VMD) program is
the Force Field Toolki(ffTk).2® 1*°It is a graphical user interface (GUiaised set of tools
that helpin the optimization oparametergompatiblewith the CHARMM Force Field.

The toolki follows standard parametrizatiophilosophies iInCHARMM and avails
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functionalities such asfinding missing parametersgeometry optimization,water
interactiors, bond, angle and dihedraptimization,andHessian calculatiofor vibrational
analysis.The GUI of this tool allows users to create b&@#M and MM input files ad
comparethe two for optimization of FF parametefdthough ffTk in principlecould be
utilized for the optimization of Drude FF parametdie automated determination of
parametes for the Drude FF is not yet availablEurthermore, this toatan only generate
inputs and read outputs from the Gauss packagé® and lacks the resolution of
identity/density fitting MP2nethods that allow for more efficieaélculations, especially
thosewith higher level chemistry such as MB@pVQZ and MP2/augc-pVDZ. Another
feature that limits the use of this tool for a htphoughput parameter optimizationtisat
this tool only provides &UI based approac¢twhich doesnot allow for simultaneous
optimization of multiple molecules.

1.6.3FFParam

Another toolkit developedrecently that allows a high throughput optimization of
CHARMM additive andDrude FF parameters & pythonbasedpackageFFParant?
Although the released version of the packaffers a GUI, an irhouse Linuxbased
command line version ignder testing at our lab. This package offers similar advantages
as ffTkincludingautomated generation of the QNputs, extraction ofdata fromthe QM
outputs,generation and extraction dhta fromthe MM inputs and outputsAdditional
features of FFParam include the ability to connegbmit and extract jolds and froma
remoteserveralong withthe capability ® usethe pythonbasedQM package Psi#*1>3
While the ability to connect to a remote server allows the usarltmit numerous jobs at

once, theinclusion of Psidallows for efficientQM calculationsassociated with the
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inclusion resolution of identity/density fitting MP2 and other electron correlation methods
All functionalities available in the GUI of FFParam are also available in the {bas#i
command line version, thereby allowing the eassetfingup optimization of multiple
moleculeson a serverThe availability of the wide range déaturesin the FFParam
package thumakes it ideal for the optimization of a large number of compoundstin
additive and Drude FFAccordingly, this program was used to facilitate the parameter

optimization studies in this thesis.

1.7 Scopeof Empirical Force Field Developmentin this Thesis

While the present form of Drude FFgll-developed for biomolecudesuch as proteins,
nucleic acids, lipids andarbohydrateghe small molecule FF of Drude has a limited set
of chemical functionalitieslo expand the FF, we must go throudhlkscaleoptimization
of sets of molecules associated with the missing atenfunctionalitiesincluding
performing the LJ optimization of their related atom typgdewever,development of
empirical FFsis a tedious process requiring human intervention and judgenient.
minimize the requirement for human inpenpirical FF develpers have initiated the
utilization of statistical and Artificial Intelligence (Al)/Machine Learning (ML) based
methodsover the past decad&*>” Suchmethods includesupervised i.e. training based
usingab initio QM datg!®>* %8160 or experimental observabfés'33 155 1645 target dator
unsupervisedisinggradient based fitting of the target functi§f 163164, 165

Examples of the use of advanced statistical and machine learning approaches include
optimization ofcharges for proteti® and general force fieldarameters® 1%of AMBER,
LJ parameters of hydrofluorocarbon and ammonium perchidtateAMBER, bonded

parameterd® 162 183jn AMBER, electrostatic and LJ parameters in AMOEBX,
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electrostatic an/DW parameterg®! in GROMOS, overall force field optimization of
OpenFE®” andelectrostati¢% 1471.J,**> 18and bonded® %> parameters in CHARMM
additive and Drude polarizable FHhe application of such advanced methods of
optimization of empirical FFepresents significant steps towangerconing the greatest
limitation of FF opimization, tediousness while also enhancmgdelaccuracy.

Expansion of theange ofsmall moleculsthat may be accurately treated by Breide
polarizableFF requires accurateJ parametergor a wider range othemical functional
groupsthat occur in organic moleculéi ven t he fAcurse of di mensi or
the optimization of the LJ parameténghis work we applstatistical and ML methods
achieve a moraccurag, high throughput approach to gandthe coverage obGenFF.

The aim of the research work performeldrough this dissertationinvolved the
implementation andftilization of sut advanced statistical and Milgorithmsto develop

a high throughput method of lphrameteoptimization forthe Drude FF In line with the
earlier methods of LJ optimization in CHARMM FHss methoduses condensed phase
properties such as heat of vaporization, heat of sublimation and molecular \asuhee
target dat@ombined with QMab initio interactios of he model compoundgith raregas
element for theguantitativesdection offinal parameter§Chapter 2)Interestingly, as such

an approach allows for condensed phase properties of large numbers of parameter sets to
be estimated, we used the databadter understand the parameter correlation problem
inherent in force field optimization (Chapter 3he validated approach is thapplied to
anadditional functional group thereby further extending the coveraD&ehFF (Chapter

4). A brief summary ang@ossible future directions in FF development are present in the

final section of the thesis (Chapter 5).
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Chapter 2Harnessing Deep Learning for Optimization of
LennardJones Parameters for the Polarizable Classical Drude

Oscillator Force Field

2.1 Introduction

Molecuar simulations have become indispensable in the biological and physical sciences,
including their utilization in computer aided drug design (CADD). Rapid growth in
computational power and increased efficiency of computational algorithms have allowed
for smulations on biologically relevant timescales, extending up to milliseconds
Improved computational efficiency has made it possibledress challenging problems

in computational chemistry, such as accurately calculating ligarting affinities!68: 16°

the use of long timescale MD simulations and utilizimpanced sampling methotts

study complex conformational landscap€s’® Central to the success of molecular
dynamics (MD) simulations and related methods is the quality of the underlying fcce fi
(FF), dictating its ability to capture physically relevant observaiiosgico. Additive FFs

are the current, widely used form of FFs, characterized by fixed point charges on each atom
and other patrticles in the system. Examples of commonly used Biesnolecular systems

are CHARMM?® AMBER,® GROMOS! and OPLSAA . Although additive FFs have
been successfully utilized for decades, the fixed charge nature of such FFs limit their ability

to respond to dynamic changes of the electronic field of the envirofffiert

'Reprinted with permission frod Chem. Theory Comput. 2022, 18, 4, 2388)7. DOI:
10.1021/acs.jctc.2c001160pyright2022 American Chemical Societyttps://pubsacs
org.proxyhs.researchport.umd.edu/doi/full/10.1021/acs.jctc.2c00115
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Polarizable FFs overcome this limitation by including the explicit treatment of electronic
polarizability. Such FFs may be based on different models, including the cld3sidal
oscillator?+46: 176178 flyctuating charg€® "t 1798 and induceddipole?®: 52 18992
approaches. CHARMMOG6s pol arizable FF based on
shown to be an efficient tool for capturing electrostatic interactions in a more accurate
fashion®* 58 137, 141 19897 qr example, polarizable Fike the Drude FF and AMOEBA®

were found to improve accuracy in protein structure refinement, protein folding and
simulations of intrinsically disordered proteifi$olarizable FFs have also shown unique
results in studies of nucleic acids, incluglinase flipping® conformational sensvity to

ion typg>*ion distributions around duplexésand improved modelingf RNA hairpins>>

56 Another recent studyhat compared five different force fields including Drude2017 on
G-quadruplexes found Drude2017 achieved a high level of accuracy when evaluated

against both quantum mechanical and experimentaf¥fata

The CHARMM Drude FF currently covers proteins, nucleic acids, lipids, carbohydrates,
atomic ions, and a limited set of small molecules representative of thoses atdsse
molecules as well as additional species common to-likegnolecules. These include
selected alkanég$§® alkenes'#? alcohols!?® ethers?? aromatics®* N-containing aromatic
heterocyclicg®? amides® sulfur containing compound$® andhalogenated aliphatic and
aromatic compound®' °?However, this represents a limited range of chemical functional
groups when considering broader chemical spaces, requiring significant extensions of the
coverage of the FF. Examples in the context of dikeychemical spacaclude the full

range of cyclic alkanes and heteroaromatic species, terminal and conjugated alkenes,
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alkynes, nitriles, amines, nitteenzyl species, bipyrroles, biphenyl ring compounds, fused

bicyclic ring compounds, thiophenes and so on.

Introduction & additional functional groups in the CHARMigased FF approach
involves consideration of the chemical connectivity of atoms and the associated atom types.
The use of atom types versus typing based on, for example element and hybridization,
allows for addibnal control of the accuracy of the force field with respect to both bonded
and nonbonded paramete@oncerning the nebonded terms, atom types differ in their
LennardJones (LJ) parameters, the formalism used to represent repulsion associated with
Paul i 6s excl usrangereplisvesferaks betweers dheotnorts with the same
spin orientation and the attractive van der Waals intermolecular interactions associated
London dispersion forces in the Drude FRe LJ potential energy term as indéd in the

Drude potential energy form

Y B - h C i Equation2.1

In equation 2.1- is the LJwell depth, is the distance between two atoms, &hd

is the distance between the two atoms i and j when the LJ potential energy surface reaches

its minimum.

The LJ parameters andY [ are obtained from thimdividual parameters,
andY j foratomtypeiand andyY | for atom type j through combining rules, with
the LorentzBerthelot rules used with the CHARMM FE$ The individual parameters,

and’Y | are typically optimized using a set of multiple molecules sharing similar

31



functional groups and the associated atom type¥°?? Target data for the optimization

is typically based on the experimental neat liquid or solid properties such as enthalpy of
vapori zadi emt haHpy o0 fu, nwoledulariveiume, iMo dielectrieeH
constant, isothermal compressibility, vasaty, etc. of the model compounds considered
for optimization. Additional target or validation data may include experimental hydration
free energies and quantum mechanical (QM) interactions between the model compounds
with water, rare gases or other modeimpounds. Performing the optimization over
multiple molecules sharing a common functional group maximizes the transferability of
the LJ parameters in the context of wider chemical space occurring in more complex
moleculesTuning of the LJ parameterstise most challenging aspect of FF optimization
as- andY j do not only include contributions from theand t?term in equatior2.1,

but also include contributions from limitations in the electrostatic terms as well as other
order termghat contribute to intermolecular interactions not directly included in the energy
function. In addition, there is the problem of parameter correlation, where multiple
combinations of parameters can similarly reproduce a collection of targétd&& hese
challenges are combined with simultaneously reproducing the experimental condensed
phase properties of multiple molecules idieed¢quiring that the optimized LJ parameters
belong to the global minimum of the LJ parameter space. Accordingly, optimization of
andY j for multiple atom types is a muliariable and multbbjective problem. To
address this challenge a bptimization approach is developed and implemented in the
present study, building on an approach applied to facilitate optimization of the Reax force
field (ReaxFF)-*3 that harnesses the sampling capabilities of an initial design algorithm

Orthogonalmaximin Latin Hypercube Design (LHBY® and the predictive abilities of

32



Deep Learning (DL$%° Recently, a similar approach that includes LHD in conjunction
with Gaussian process regression and Support Vector Mactaroptimize LJ parameters
for hydrofluorocarbons and ammonium perchlorate in the context of the General Amber

FF,2% has been presentétf

At first, LHD is utilized to generate LJ parameter setand’Y j for multiple
atom types. The sampled parameter sets thtanall are utilized in MD simulations to
calculate condensed phase thermodynamic propertiesg Napa n d supsfHhe training
set molecules. These parameter sets form the input features, and the calculated properties
are utilized as the output labels fouilding DL models to predict the condensed phase
properties. The trained model is then used to comprehensively sample the LJ parameters,
for example, 10 combinations, allowing for prediction of the associated empirical
condensed phase thermodynamic properties of the training set molecules. The resulting
data is then sorted using a custom error function to select a subset of LJ parameter sets that
maximizeagreement with the target condensed phase thermodynamic properties. The final,
optimal LJ parameters are chosen from this subset, based on their ability to reproduce the
ab initio QM raregas interactions with the concerned molecule. The process fldvisof t
newly designed approach for optimization of LJ parameters in CHARMM is depicted in

Scheme 1.

In thischapterthe developed Dibased high throughput approach for LJ parameter
optimization is applied to atom types belonging to four different graupse includehe
nonterminal and terminal alkenes sp2 carbons (CQ2GMA CQ2C1B) and their
corresponding hydrogens (HQ2C1land HQ2C1B), 3and 4 membeed ring carbons

(CQ3R3AandCQ3R4A) and oxygens (OQ3C3#nd OQ3C4A) and nitrile carbon and
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nitrogen (CQ1Nland NQ2C1l) atom typesThe optimized LJ parameters not only
reproduce the experimental condensed phase thermodynamic propertiesagbl r  suge H

for both the training and validation set compounds but also their dielectric comstdnts
hydration free eergies. The total number of model compounds used for the study are 35,
of which 17 belong to the training detised for optimization of the LJ parameters, while
the rest 18 belong to the validation set, meant for testing the transferability of the LJ

paraneters.

2.2 Methods
2.2.1Bonded and electrostatic parameter determination

Prior to LJ parameter optimization, a complete set of FF parameters are required
for any system. The electrostatic and bonded parameters of the training and validation
molecules were obtained by following the Drude FF optimization protocobtAlhitio
calculations were performed using P§t4°° QM packageand the molecular mechanical
and condensed phase Miased calculations were performed using CHARMamd
NAMD 2%t with the latter used for pwsplvent systems only. The electrostatic and bonded
parameters wereptimized using FFParaf the recently developed package for FF
optimization of both the additiveARMM and Drude FFs. Although, FFParam includes
a graphical user interface, antiouse alpha command line version of the package was also
utilized to optimize multiple molecules together.The molecular geometries of all
model compounds were optimized ngi MP2/631G(d) model chemistry. The QM
optimized geometries were used to determine the Drude electrostatic parameters, including
the partial atomic charges, the atomic polarizabilities (alpha), and the Thole scale factors.

Alpha values represent isotropigolarizabilities of most atoms with anisotropic
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polarizabilities applied to selected hydrogwnd acceptor atom$elected hydrogen

bond acceptor atoms also have virtual lone pair sites implemented to address the
anisotropic distribution of the charges optimize interactions with the surrounding
environment! Thole scale factors screen the atomic dighfle interactions between 1

2 and 13 covalently linked atom pairs thereby by optimizing th®olecular
polarizability.!°® The partial atomic charges on the atoms and lone pair sites of the molecule
were derived as recently descridétiThe method used an-house adaptation of the
Restrained Electrostatic Surface Potential (REQRydel available in Psi4 packdgeat
MP2/Sadlej model chemistry. The alpha values were obtained using a parallel

203 gvailable in Psi4

implementation of the GDMA code by Stone and Misqfftta
combined with the method of Heid at,}%*for charged species. Since Thole scaledrs

do not have a QM analog, they were determined using a Monte Carlo Simulated Annealing
(MCSA) algorithm?°*to reproduce QM derived molecular dipole moments aokkcalar
polarizability tensors scaled by a factor of 0.85. The electrostatic parameters using the
above method were further assessed for their ability to reproduce the interaction of
hydrogen donors and acceptors with water. For this purpose, MM interactergies of
selected atoms in the molecules with SWMBP water were compared to QM water
interaction energies obtained at MP2¢QZ model chemistry. The QM interaction

energy was also corrected for basis set superposition error (BSBE)the coudrpoise

method?%®

The initial bonded parameters were predicted using 4wouse adaptation of the
CHARMM General Force Field (CGenfprogranr’ 2Selected bond, angle and dihedral

parameters were then adjusted ptirnize the agreement of MM potential energy surfaces
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(PES) with the respective QM (MP2/augpVDZ) PES. Additionally, bonded parameters
were optimized to reproduce QM vibrational spectra calculated at the MRPZ
model chemistry, where the QM vdiional frequencies were scaled by a factor of 0.9590
prior to use as target da&® The QM vibrational frequencies were calculated in the
Gaussian paage!™® while the MM vibrational frequencies were empirically calculated

using the MOLVIB module in CHARMM?’

2.2.2Pure solvent MD simulations

Neat liquid simulations were performed by preparing a box of 216 solute molecules,
such that each molecule was equally spaced 6 A apart in each direction. The initial setup
of the box was performed iInHARMM using the additive CGenFF force field, where the
liquid box was heated to their experimental temperatukppdndix ) for 100 ps in the
NVT ensemble, followed by 400 ps NPT equilibration. For both the steps, the CPT leap
frog integrator with a timeasp of 1 fs was used. A smaller time step was used to maintain
consistency for comparison with the Drude Polarizable Force Field (FF). The equilibrated
box was then used for a 3 ns additive MD production run using NAMD, where the MD
parameters were mainteid from the previous step in CHARMM. The fully equilibrated
additive box was then utilized as the starting configuration for the pure solvent calculations
in the Drude FF. Drude particles were added to thehyoinogen atoms of the molecules,
where a masef 0.4 amu was transferred to the Drude particles from their real atoms. In
addition, lone pairs were added as required to the hydioget acceptor atoms. This was
followed by a steepestecent (SD) minimization for 200 steps, where all Drude particles

were allowed to relax while the real atoms were restrained using a harmonic force constant
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of 10° (kcalmol)/A2. This was followed by another round of minimization where all

particles were allowed to relax using SD for another 500 steps.

The liquid boxeausing the Drude FF were then equilibrated at the experimental
temperaturesAppendix ) and 1 atm pressure with a 1 fs timestep, in the NVT ensemble
for 100 ps, followed by a 400 ps equilibration in the NPT ensemble using CHARMM as
the MD engine.MD simulaions were performed at respective temperatures for each
molecule and 1 atm pressure, using the Velocity Verlet integrator (VV2) implemented in
CHARMM. The VV2 integrator approximates the satihsistent field (SCF) condition of
the Drude particles througan extended Lagrangian dual thermostat formaftfsr
separate low temperature thermostat (T=1.0 K) was used for the Drude patrticles to ensure
that their time course approximates the -selfisistent field (SCF) regimen. The
equilibrated system was then further run from 600 ps to 2 ns depending on the convergence
using NAMD as the MD engine. In NAMD, the extended Lagrangian-thesimostat of
CHARMM is replaced by the duatochastic Langevithermostat for the treatment diet
Drude particle$® The systems were minimized for 1000 steps in NAMD, followed by an
equilibration when the velocities were reinitialized at their experimental temperathees.
calculations of the thermodynamic properties of the molecules were then based on
condensd phase and gashase analysis performed in CHARMM. The molecular volume
was calculated as the total average box volume divided by 216 for the number of
monomers, while the enthalpy of vaporization was evaluated by subtracting the average
potential energyf the monomers in the liquid phase from the average potential energy of
each monomer in gas phase, adding a thermal correction®8f Ro of the 35 molecules

used in the present study also existed in solid state, nanwgigr@dpyridine (2CYP) a
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training set compound for niles and 3cyanopyridine (3CYP) belonging to validation set

of the same group. As the compounds are low melting crystalline solids, with a melting
point at room temperature 29800 K 2°° bothliquid and solidstate data were available

for such compounds. Hence, we calculated both heats of vaporization and sublimation for
these compounds. The coordinates for both crystals were obtained from the Cambridge
Structural databas@® and replicated using the CRYSTAL module of CHARMM, such
that there were 32 molecules for 2CYP and 3CYP crystals. The crystal configurations were
then energy minimized dninitiated for 3 independent simulations, using distinct seed
numbers for velocity generation. The setup of the Drude systems were identical to those in
liquid simulations, where each system was simulated for a total of 600 ps, where the first
100 ps wasised as equilibration, while the last 500 ps was used as the production run. For
the determination of their v/ both the simulations were performed at 150 K, the same
temperatures at which the crystallization data was collected by Kubiak et al.,{2002)
whi | e sbwer obtpided at 298.15 K, as the experimental values were measured at
that temperaturé* Crystal \in calculations were based on the total volume of the full cell
used in the simulations divided by the number of molecules in that cell, 32 in the present
study. The analysis and evaluation of the final properties were performed in CHARMM

and identical to té pure solvent calculation illustrated above.

For all additive and Drude MD simulations the electrostatic interactions were
treated using the Particle Mesh Ewald (PME) mefiéd'3where a coupling parameter
of 0.34 and a sixtlorder spline were used for mestterpolation. The notbonded pair
lists were maintained up to 14 A, with a10 A realspace cutoff range for the electrostatic

and Lennardlones (LJ) terms, with the LJ inteti@ns truncated with an atelbased forced
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switch algorithn?'* Longrange correction$* to the LJ term was implemented as
previously describe® 21> All covalent onds involving hydrogens were constrained
using the SHAKE algorithtf'® The Drude hardwall constrajt! of 0.2 A was applied

only while sampling the LJ parameter space meant for the training data for DL. Once the
final parameters were optimized the hardwall constraint was removed, and the systems
were run for longer timescales (20 ns) as required for tlewnvergence of the dielectric

constant.

2.2.3Hydration free energies

The hydration free energy (HFE) calculations were performed in CHARMM, using
Deng and Rouxo©0s s’ afgacdemicaimfpeé energyn gerutbationn
(FEP)23 218t first, each individual molecule was solvated in a box of 250 SVINDP
water molecules and equilibrated for 2 ns in CHARMM, using the condensed phase MD
protocol as described aboveheélequilibrated box was then further utilized to calculate the
HFE, where the HFE denotes the change in the free energy of annihilating the solute in
vacuum to that in water, with the changes in the free energy computed through the FEP
method. As describeith detail previously? 2°and applied in multiple studig®" 137 138
220, 221 the HFE is decomposed into nonpolar anectbstatic components, where the
nonpolar component is further decomposed into dispersive and repulsive terms using the
Weeks, Chandleand Anderson (WCA) methaéf? Thus, a coupling parameter was used
for perturbing each of the three individual
0 to 1 with an increment of 0.1), staging paramefer dispersion (varied as 0.0, 0.2, 0.3,
0.4,05,06,0.7,0.8 . 9, and 1.0) and 3 for the repul si

1, with an increment of 0.1). While perturbing the nonpolar composentsd 3, al | char
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of the solute were set to O, while for the e
denoted fully discharged and charged compounds, respectively. A 300 ps equilibration and

1.5 ns to 4.0 ns production was ©perfor med
production phase was utilized for calculating the final value. The final repaateésvfor

the electrostatic contributions were determined using thermodynamic integratigf® (T1)

while the nonpolar contribution was determined using the exponential formula with the
weighted histogram analysis method (WHAThe free energy change was thus a sum

of the dispersive, repulsive and electrostagitculation, where a long range correctfén

was included in the dispersion term by takf t he di fference in the
interaction energies using cutoff schemes of 12 and EbAvergence of the HFE values

was confirmed by calculating one system (compound in a SWM4 or TIP3P water box) in
triplicate (separate for Drude and additive, respectively) where a similar value for all three
simulations indicated that the length of the dation (1.5 to 4 ns) was enough to confirm

the convergence for all molecules in the group. The reported standard deviation for the

group was based on these three individual sets of simulations. All other molecules of the

group were then subjected to aglenset of HFE simulation using the same length of

production run.

2.2.4Deep Learning Model Development

2.2.4.1Data Preparation

The training set data for the DL model included the LJ parametersandY of the
targeted atom types for the moleculegath set, as features and the MD calculated pure
solvent/crystal propertiesnyY  @pH 0 Euw agspthie outputs or labels. At first, the LJ

parameters were generated using LHD following whichptive solvent/crystal empirical
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thermodynamic properties VP Hap, 0 &) Wegrd calculated through MD simulations.

As described above, each molecule in the training set was subjected to three distinct runs
of pure solvent/crystal MD simulations, starting from three distinct fully equilibrated
additive boxes wherthe lengths of the simulations were chosen to obtain convergence of
the empirical thermodynamic properties feach molecule for the individual group
reproduce the experimental properties of all the training set models, several iterations of
LHD parameter generation and pure solvent MD simulations were required in some cases.
This involved generation of an initial set of LJ parameters and the associated
thermodynamic properties, which were then compared to experimétiialexperimental
propertiesof all training set molecules were not adequately reproduced, a new range of
parameters were selected, and the process repeated until adequate agreement for all the
molecules was attained. Once convergence was achieved the LJ parameters and associated
theemodynamic properties from all such scans were combined to create the training data

for the DL models.

2.2.4.2Hyperparameter Tuning and Deep Learning Model Selection

A feedforward Deep Neural Network (DNN) was utilized to develop the DL models based

on the featre vectors from the LHD generated LJ parameters to the target empirical
thermodynamic properties. Hyperparameters optimized for the models are listed in Table

2.1, along with the range of the parameters tested. The hyperparameter tuning was
implemented ugg a 5fold Cross Validation utilizing the grid search method implemented

in the GridSearchCV library of Scikitleaf® and regression model from KefZ&where

the metric of the evaluation was fAnegative m

were then utilized for traininthe final models, with a learning rate of 0.005, Swish as the
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activation function, 2 hidden layers with the same number of nodes as the number of output
thermodynamic properties gMa n d vagpH sgodfl each molecule in the training set).

The number of ades for each layer was thus 8 for alkenes aadd3 membeed ring

models that had 4 training set molecules each and 12 for nitriles based on 5 molecules with
two different states for-2yanopyridineConcerning the activation function, both Svih

and ReLU (Rectified Linear Unit) were tested using (Mean Absolute Error) MAE and
Mean Squared Error (MSE) as the criteria. Swish is also a sigmoid activation function like
ReLU, but unlike ReLU, Swish is smooth and monotonic. Swish has been phgvious
shown to it outperform ReLEF’ and application of the two functions in the present study
during development of the alkene model also showed improved convergence of the error

metrics over ReLUAppendix 3.

Table2.1: Hyperparameters used for model optimization

Hyperparameter Range of values Final Hyperparameter
Number of hidden layers 2,3,4,6,8,10 2
Number of nodes in each 2.4.6,8,10.12,14 Number ofoutput _
layer thermodynamic properties
Learning Rate 0.1,0.05,0.005,0.001 0.005
Batch Size 2,4,6,8,10 6
Activation function RelLU, Swish Swish

2.2.4.3Training and evaluation of the selected DL model

Individual DL models for Vi andgqHvap 0 1 sugt€re developed for all four groups:
alkenes,3 membeed rings,4 membeed rings, and nitrilesAs described above, each
model was d&eedforward DNNcomprised of two hidden, fully connected layers utilizing

Swish as the activation function to determine thelimogar relationships between the input
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features andY j and output labels (Wa n d vagpH sug¥Hor each molecule) with

a linearactivation function used for the output layer. The loss function was optimized using
Adaptive Moment Estimator (Adanij® due to its adaptive learning rate and its suitability

to complex parameter space, similar ® dme in our data. Early stopping methaas used

to limit the number of epochs and to avoid overfitting of the data, using a patience value
of 100 to halt the training if no significant error reduction was achieved over 100 épbchs.
For training, 5fold cross validation was used with 80% of the data chosen to train the DL
model and 20%f it was utilized in testing the accuracy of the model, where the correlation
of the experimental values to the predicted values was evaluated to confirm the
performance of the model at the end of training. Finally, we emphasize that individual
DNN modelshad to be trained for each of the four classes of functional groups optimized
in the present study. Further performance evaluation of the final models was undertaken
by extracting 25 sets of LJ parameters from the full range of parameters subjected to
Brute-Force sampling with the DNN predicted properties compared to their empirically

calculated values from MD simulations.

2.2.5Error functions for LJ parameter selection

2.2.5.1Error function based on thermodynamic datdgy | )

Using the trained DL models foeach functional group class, 10 million sets of
stochastically selected LJ par ametfa@ames wer e
sear ch & alosrd tkhpm@bora lago rifflwab utilized. The top ~100,000

sets of LJ paameters were chosen from the 10 million sets generated out of this data by

first comparing the DNN predicted condensed phase properties to their respective

experimental values using the error function presented
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Q B 1 0 1y Uy Equation2.2
1 W W Equation2.3
Equation2.4

In equation 2,1 denotes the unsigned difference of the respective calculated pure solvent
property from experimental values as shown in equaidand2.4 and0 denotes the

weight used for the property. In equatio28 and 24, @ . and YO are the

experimental molecular volume and enthalpy of vaporization or sublimation of each
moleculei, @ and YO are the calglated molecular volume and enthalpy of
vaporization or sublimation of the same molecule, where n is the total number of molecules
in the training sefThe weightsp  andUy for the molecular volume and enthalpy

of vaporization/sublimation espectivelywere generated using the Rank Order Centroid
(ROC) methogt®? wherein weights are generated according to the number of attributes or
variables associated with the decision. To obtain a good set aigiara yielding the least
possiblegl for each of the pursolvent properties, all molecules were ranked equally,
pri or i tajiozi soderdgdid Thus, weightsob =0.25and)y =0.75 were

used. This error function was used in asing the best sets from the training data and from
the BruteForce based predictions. In equatiort3td 24 pHwwa s subst ivgf uted fo
when the condensed phase was represented by a crystal ardisteiuivalent to the

molecular volume in solid state.
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2.2.5.2Root Mean Square Fluctuation (RMSF)based onab-initio data

Additional target data included QM rare gas (He andmeglel compound diancebased
interaction potential energy scans (PES) focused on the concerned atom types in the
molecules.The QM rare gas interaction values were obtained using the BSSE corrected
MP2/ccpVQZ model chemistry. Three interaction orientationsplane linea (0° from

plane of target atom), iplane lateral (90° kplane of the target atom), and -@itplane

(90° outof-plane of the target atom) were considered for all atom types, except CQ2C1A
in internal alkenes and CQ1NL1 in nitriles, where only orf@ame interaction was possible.

Both QM and MM calculations were set up to perform distdraseed PES, where the rare
gasmodel compound distances were probed ranging from 2.5 A to 5.0 A. Comparison of
the QM and MM interactions focused on the variation of dhferences between the
minimum interaction energies and distances over the different interaction orientations
between the rare gases and the model compounds, not the absolute QM and MM minimum
interaction energies and distanc&he variance was quangfi as the root mean square
fluctuation (RMSF) of the differences between the MM and QM minimum interaction
distances and energiegsn di cat ed by U overralithednodelrceampqueds t i vel y
and interaction orientationBetermination of the RMSF ovall interactions orientations

and model compounds first involved calculationtltd absolute differences between the

QM and empirical minimum interaction distances and energigsoams

1 0O ; 0O ; Equation2.5

- (O O j Equation2.6

In the equation® ; andO ; denote the empirical and QM minimum interaction

distances, respectively, whil@ ; andO j; denote the empirical and QM minimum
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interaction energies, wheierepresents the model compourade gas interacting pairs
(e.g., Etheng@ s (dnelill Ethené s  Hy eheon, gte)prepresents the interaction

orientations (in planéinear, in plandateral and oubf-plane), anK represents each set

of LJ parameters.

The mean differences are then determined over the different interaceoitaticing for

each interacting pairas denoted

Equation2.7

— Equation2.8

TheRMSF about the mean differences of the interaction orientaficarg then calculated

for each interacting pairas shown

1 5 ' Equation2.9

v S N Equation2.10

Next, the mean of the RMSF for each LJ parametef setalculated by taking the mean

of the g and - ; , respectively, over all interaction pairs per molecuojes

calculated as:

T n —r Equation2.11

Equation2.12

The sum of the RMSF of the distances and interaction energies are then calculated for each

LJ parameter sé& for individual molecules.
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YOYO 1 5 +- 5 Equation2.13
Finally, the overall RMSF of each LJ parameter set is calculated as the ni¥an afO

for all the model compourseing considered as shown

B

YO YO Equation2.14
As described previously, the RMSError function selects parameter sets that are balanced
with respect to the relative interactions of the model compounds with the rare gases while
allowing the MM energies and distances to be offset from the QM vatiég
2.2.6Selection of the final LJ parameters

To choose the best set of LJ parameters from the top sets selected by the Brute
Force algorithm, rargas based RMSF along with a Id& was utilized. Step one
involved selecting the top LJ parameter sets from the 10 million outcomes of the Brute
Force selected LJ parameters using the custom error fun@ion For example, for
alkenes the range 61  for all 10 million sets varied from ~0.9 to ~26.0, hence only sets
with 'Q  less than ~4.0 were chosen yielding approximately 100,080 Next, the
chosen parameters were clustered into specific ranges of values of the LJ parameters. The
ranges of the parameters were selected based on the ranges covered in the training data.
Each LJ parameter was partitioned into 3 ranges as shown lie Zalor alkenes and
Appendix 3for the rest of the groups. These ranges of each of the LJ parameters were then
uniquely combined into which the parameter sets were clustered. For example, for alkenes,
4 atom types HQ2C1A, HQ2C1B, CQ2C1A and CQ2C1B vireiag optimized, hence
there were 8 different parametersdnd’Y j for each), in 3 different ranges, yielding a
total of & (512) possible clusters for the group. As an example, for alkenes,

1k riRange A{1t, " Range B, T riRange C{rF, r Range A, 1F r ilRange
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C, 41k, RangeB, rF r il Range Band47F * Range C will make one unique
combination or cluster. Of the total number of plolgsclusters (512 in case of alkenes),

only those clusters which contained at least 6 parameter sets were chosen for the RMSF
analysis. Thus, the chosen subset of the data in alkenes consisted of 187 (out of 512)
clusters. Next, all LJ sets, up to the &0 based oi®2  ranking in each cluster, were
subjected to a rare gassed interactions in MM, which were further used to calculate the
RMSF with those in QM. This type of clustering was done to ensure that all combinations
of the LJ parameters ment in the top ~100,000 selections were explored during the QM
rare gas RMSF based analysis while avoiding the need to perform the RMSF calculation
on all ~100,000 parameter sel$e final LJ parameter set was that with the lowest RMSF

value along with dow Q

Table 2.2: Parameter ranges used for generating pararhasad clusters in alkenes.

Range 1k F 41 lkﬁ‘F 1k F =|gv|Fﬁ F| rlF rF DFJFE F FIF F DF_lFE Fl
<- <- <- < -

Range A 0.0350 <1.1000 0.0350 <1.1000 0.0675 < 1.8000 0.0675 < 1.8000
-0.0350 1.10to -0.0351 1.10 to -0.0674 1810 -0.0675 1810

Range B | to - 135 to - 135 to - 51 to - 51
0.0290 ' 0.0290 ' 0.0555 ' 0.0555 '
> - > - > - > -

Range C 0.0290 > 1.3500 0.0290 > 1.3500 0.0555 >2.1 0.0555 >2.1

2.2.7Validation of the Final Parameters

After the best LJ set was selected, the chosen set was then subjected to a threefold empirical
validation process. This first involved empirically validating the predicted properties for
the chosen LJ parameter set. Next, the condensed phase pure solvent/crystal properties (V
a n d vadp Held anddielectric constant) were calculated for the valmiatet molecules.

Lastly, the HFE of all the molecules in each group, as defined by the availability of the
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experimental value, were calculated to ensure the ability of the parameters to predict the
energetics in aqueous solution.

Once the final LJ paramats were selected and validated, the electrostatic and
bonded parameters were rechecked for reproducibility against the QM target data for all
molecules in both training and validation sets. This included the intramolecular geometries,
molecular vibrationspectra, and the PES of the selected bonds, angles, and dihedrals. In
addition, water minimum interaction energies and distances, molecular dipole moments
and the component vectors and molecular polarizabilities and their tensors were compared
to the coresponding QM data. Figuraadtablesrepresented as Appendix 19 todbicts

all the related data for the final optimized parameters all the molecules.

2.3 Resultsand Discussion

Presented is the implementation and application of en&@ted workflow for the
refinement of LJ parameters. The overall-Bhsed LJ parameter optimization workflow
is shown in Scheme 1. The procedure is composed of three main parts, namely: training,
high throughput parameter selection, and validation. The training part is an iterative two
step framework that is used to train a DL model that learns the relationship of the LJ
parameters with the pure solvent or crystal condensed phase properties. The high
throughput selection part is used to sample the LJ parameter space using the trained DL
model and find best sets of LJ parameters using the error function shown in eqidtions
to 2.4. The final set of LJ parameters is then selected through compariso@Mitare
gasmodel compound interactions, thereby assuring the balance of the selected LJ
parameters across the parameters themselves, atom types and molecules while still

reproducing the condensed phase experimental properties. In the empirical vahdetion
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the optimized LJ parameter set is validated throughobttraining molecules and

calculation of the free energies of hydration and dielectric constants of both training and

validation set molecules. The overall workflow is illustrated in Schemedldatailed

explanations for each part of the procedure are presented below.

TRAINING

! Multidimensional

L) Parameter Space

Multivariate-Multi-objective
problem
X %1

X, E—p Y2
X; V3
£0ndR,,,, AHvap/dHsub
& Vm

Initial § and R ;

Latin Hypercube Sampling

£
g

o

€

!

atom types are olvent/Crystal properties

Check if additional Calculate empirical pure
R
required MD simulations

J

1 !

xperimental
properties of

Extend range of | NO

i_atomd /
min_atom4

sampled
P most molecules
parameters coversd?
1 Yes
Training of
Deep Learning (DL) Model
Ewiatuml &= "f
l?C_min,amm b Sl
i_atom2 .
- ped o~
Rmmiammz
6\73[0?“3 ) ;\
Rmmjmma o :
€ >

HIGH THROUGHPUT

SELECTION

~10 Millions
Input LJ parameters

AH 01, BH,qp5 BH 05,
AH, g - By
VMDH ’ VMW\Z’ VMUB'

Molg---=" \/MD‘H

10 Millions predicted
thermo. properties

Custom error
function-egpc
based scoring
and ranking

]

Choose top ~100,000 sets
within a low range of

€roc

Clustering based
on L) parameters

!

QM rare-gas RMSF
based selection
cbu-NE CQIR3A-00P

EMPIRICAL
VALIDATION

l—l—\

LI set with least
rare gas RMSF
chosen as final

|

Neat liquid/solid

properties
confirmed
through MD

lValidation

/

Hydration Free Energy
based evaluation

Properties
of validation sets

Schemel: Schematic of the new process of optimization of LJ parameters in Drude
Polarizable Force Fieldotted arrow represents use of the same model after training, solid
arrows represent continuity to the next steps.
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2.3.1Atom type and model compound selection

The DL-based LJ optimization approach is applied to the parametarsl’Y
belonging to atom types of four different organic functional groups not adequately
optimized in the context of the Drude FFhese include the alkenesaBd4 membeed
ring compounds, and nitrilesTo initiate the optimization process initial decisions
concerning the model compounds and the number of new atom types is required. For the
model compounds, the training set molecules are selected based on their simplicity such
that they have minimal additional atom types beyond those being targeted. In the case of
the alkenes (Figur@.l), these include ethene, propenehutene and -butene. These
molecules include both terminal and A@nminal sp2 carbons and the covaletitiked
hydrogens. Importantly, the only additional moiety on the selected model compounds are
alkanes for which well optimized parameters are avaifBlé®*?% In the subsequent
parameter optimization, these parameters were used for the alkyl chain atom types. Model
compounds for the additional classes of molecules are showppendix 4 Generally, a
similar pattern in the structures of the molecules is evident within each individual
functional group set. However, additional complexity in the molecules was required with
the rings and nitriles to account for the lack of availability of the experimental condensed
phase data for simple compounds. In addition, with the ring systems maintenance of the
cyclic aliphatic carbon atom types in the presence and absence of oxygeéaesivad. Such
considerations ultimately lead to the inclusion of compounds such as cyclic alkanes with
and without ether and ketone groups in tre84 membeed ring model compounds and

aromatic rings in the nitrile model compounds.
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Alkenes

Training Set ! Validation Set
- CQ2C1A
: CQ2CIA HQ2C 1A
! HQ2C1A H Ho H Ha
\ C [ C C CH3
€Q2C1A ; He? ¢ ey e o N
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: (3HEX) (CHXE)

Figure 2.1: Training and validation set compounds for alkenes along with the atom types
included in the optimization represented by each compofpdendix 4presents the
structures of molecules in rest of the three groups.

The assignment of new atom types represents the second critical step in the

extension of the Drude FF. The number of actual atom types required to reproduce the

experimental condensed peakermodynamic and kinetic properties has been debted

238 and such arguments range from suggesting individual parameters for each atom in a

molecule 236 237or discuss the possibility of dacing the atom types to their elemental

classification 23 While too many atom types create a highel of complexity in the FF

thereby limiting transferability of parameters, too few atom types limit the ability to

achieve a sufficient level of accuracy. Thus, it is necessary to determine the requirement of
a new atom type through a large set of males with a wide variety of chemical
connectivity containing the same functional group. In the present study, we started with a

minimal set of atom types for each functional group. Based on this minimal set, ranges for
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- andY j values were first chosen, thus constituting the LJ parameter space and LHD
was used to generate the LJ parameters in a given range, which were then used to calculate
the condensed phase data for all the training set moletukb® case of alkenes, iratly

only three atom types were used; CQ2C1A -temminal alkene carbon, CQ2C1B for
terminal alkene carbons, while the same hydrogen type, HQ2C1A, was applied in both
scenarios. The differences between the experimental and calculated condensed phase
propeties obtained for all the molecules in the set using all the LHD selected LJ parameters
were calculated. A heat map of the correlations between experimental and calculated
properties for four alkene molecules constituting the training set is shown ie EiguAs

may be seen, while reasonable correlations between some molecules were present (e.g.,
propene and ethene form)/ in other cases the differences were anticorrelated (e.g., 1
butene and -butene for W, and ethene and-Rut e n e vay. Thih indeatés that
variations in the LJ parameters for those three atom types alone would not lead to a solution
that can accurately model all four model compounds. Consequently, an additional
hydrogen atom type HQ2C1B, was added to allow for explicit hydrogess fipr terminal

C-H moieties. The resulting correlations in the differences in the reproduction of the
experimental data across the molecules and LJ parameters sets significantly improved
(Figure 22 C and D) although no correlations were observed betwésene and the
remaining three molecules. The lack of anticorrelated behavior indicated that LJ
parameters that accurately modeled all four compounds could be achieved as presented
below. Notably this approach could also be used to identify moleculeppgie for

inclusion in the training set, as performed for themembeed rings Appendix §,
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indicating its utility in facilitating decisions concerning atom types and model compounds

to include during force field development.
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Figure 2.2: Correlation heatmaps of the differences between the calculated and
experimental values of ¥/( A and Gy (BaamddD) apthe alkene training set
molecules based on the set of LJ parameters selected by LHD during DL model
development. Results are shown for 3 atom types (A and B) and for 4 atom types (C and
D). (Molecule abbreviations: ethethene, prpgropenebteli 1-butene and btePR 2-
butene)
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ethe JOA]

Based on the above considerations and analysis the atom types and molecules for
the DL LJ optimization were selected for all 4 groups. The atom types optimized in this
work were alkene (neterminal and terminal) carben(CQ2C1Aand CQ2C1B) and
hydrogens (HQ2ClAand HQ2C1B), 3and 4 membeed ring carbons (CQ3R3And
CQ3R4A) and oxygens (OQ3C3d0OQ3C4A) and nitrile carbon and nitrogen (CQ1N1

andNQ2C1) atom types. For each groupl® molecules were selected such #hat of
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them were categorized as training set, while the rest were categorized as validation set
molecules (Figur@.1 andAppendix 4. The training set molecules were used to optimize

the LJ parameters and the validatgat molecules were used to test titamsferability of

the optimized parameters. In the remainder of the main text, the description of the
application of the DL workflow will focus on the alkenes along with summary data on the

remaining classes of compounds, with details inclusigokendicesl to 19

2.3.2DL model development

DL model development is an iterative scheme composed of data generation and DL
training. After the electrostatic and bonded parameters of the model compounds for a given
group are parametrized, the compounds are used for the generation of trainingidhata, wh
involves LJ parameter sets as features and the corresponding pure solvent or crystal
properties calculated using MD simulations as labels. Generation of the training data that
encompasses the experimental properties for the multiple molecules inotye igr
challenging and requires the appropriately distributed sets of input LJ paraméeers.
initial LJ parameter guesses were obtained either from the LJ parameters of analogous atom
types in the Drude polarizable force field or in CGenFF. Using thealirguess LJ
parameters, the condensed phase properties of all the molecules in the training set were
calculated. Comparison of the calculated and experimental values was then undertaken
from which a range of LJ parameters for DL model development wigiadlynselected.
For the individual classes of functional groups, the range of the parameters for initial model
development was proportional to the overall level of agreement between calculated and
experimental values. Once an initial range of LJ parasé&te all the relevant atom types

was selected, LHD was utilized to generate LJ parameters that uniformly covers the
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selected range parameters for generation of the calculated condensed phase properties.

LHD is a statistical sampling method that is usede¢nerate evenly distributed parameter

sets within a given range, thus generatingoone r | appi ng sets. The fcer
of LHD was used to generate sets of parameters uniformly sampled with a reduced pair
wise <correlation-siaed dmakamcesd HBenhween the
generated. To generate a sample size of N from x variables, LHD divides the range of each
variable into N noroverlapping intervals based on an equal probability size of 1/N. The

intervals within each point geneeatusing LHD are thus uniformly distributed to represent

the given LJ parameter space. As an example, N = 200 sets of LJ parameters with 8
different variables-( and’Y , of 4 different atom types) were generated for alkenes. The

upper and lowelimits of the LJ parameters for all four atom types are listed in TABle

along with the total range, the sampling resolution, and the total possible number of sets
present in the given LJ space interpreted by LHD for each individual LJ parameter. Thus,

the 200 sets of LJ parameters generated by LHD are representative of 6/xssible

sets of LJ parameters of alkenes.
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Table 2.3: The initial and the range of parameters for all atom types of alkenesinused
training the DL LJ model. in Kcal/mol andY j in A.

Group Alkenes

Atom Types CQ2C1A CQ2C1B HQ2C1A HQ2C1B

LJ Parameters - Y o - Y - Y i - Y ;i

Initial -0.066 | 2.07 -0.066 | 2.07 | -0.034 3'209 -0.034 ;'209
N - 1.759 | - 1.028 | - 1.028

Lower Limit -0.0759 | 1.7595 0.0759 | 5 0.0391 | 4 0.0391 | 4
. - 2.380 | - 1.391 | - 1.391

Upper Limit -0.0561 | 2.3805 | § 5564 | 5 0.0289 | 4 0.0289 | 4

Range 0.0198 | 0.621 0.0198 | 0.621 | 0.0102 | 0.363 | 0.0102 | 0.363

Sampling 0.0001 | 00031 |0.0001 |99 |0.0001 | 290t | 0.0001 | 0001

Resolution 1 8 8

No. of points 198 200 198 200 | 102 202 | 102 202

6.66E+1
Total number of possible sets | 7
Number of LHD generated sets| 200

Using the LHD selected parameters MD simulations wedertaken to calculate the
associated condensed phase properties. If the calculated properties encompassed the
experimental data for the training molecules, DL model training was initiated. If the
calculated values did not encompass the experimentakdagay range of parameters was
identified, LHD applied to select a new training set of LJ parameters and the MD
calculations performed. It took different numbers of iterations to cover the experimental or
near experimental properties for the four grougsctvdepend on the quality of the initial
LJ parameters. For example, with the alkenes, the previously optimized LJ parameters for
2-butene from the Drude lipid Eff was used as the starting point for generating the
training data, representing a high quality initial guess. Inrastwith the4 membeed
rings, since there were no analogous carbon atom types in the Drude FF, the initial LJ
parameters for the carbon atom were obtained from the CGenféfinbeed ring carbon.

For thed membeed ring oxygen, the Drude FF tetrahydrafuioxygen LJ parameters were
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used. The parameter ranges for alkenes along with the initial parameters are listed in Table
2.3, and the quality of the empirical properties of the initial and the best LJ parameters
from the LHD selected training data arddis in Table2.4. Data in Tabl.4 includes the
differences and percentage differences of the calculated condensed phase properties of the
four training set molecules from their respective experimental propé&ftisthe alkenes,

only a single scan wasquired to prepare the data used for training the DL model. This is
associated with the good initial set of parameters yielding overall good agreement with
experiment. Interestingly, the best set selected by LHD improved agreement with

experiment in someases (e.g., ethet¥¢ ) though not in all cases shown in TaBl4.

However, as LHD is designed to sample a diverse range of parameters rather than identify
the ideal set, this result is expected.

With the remaining groups additional scans wesired as the initial guess of the LJ
parameters was not as good as with the alkenes. Fértiembeed rings it took 5 scans
to cover the experimental properties for most of the molecules in thAma(dix 4.
However, this process included using tborrelation analysis of the differences in the
condensed phase properties to identify thaix@anone was inappropriate as model
compound Appendix 5. Once 2oxetanone was identified as problematic an additional
scan was performed with bothad 3oxeanone followed by a single, final scan with 2
oxetonane omitted. For tH& membeed rings and nitriles the initial LJ from CGenFF
produced near experimental properties in two scamsnumber of sets selected from LHD
used for training each model varifdm 97-200. The details of the LJ parameter ranges
for the rest of the three groups, along with the quality of the initial set to the best set from

the LHD-selected training data is presentedAppendix 7 to 9 of this thesighus, the
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presented Dlapproach appears to require one to two scans to identify the appropriate
region of LJ parameters space in cases where the suitable model compounds are identified.
When multiple scans were required, all the LJ parameter sets for all the scans on which
MD simulations were performed and empirical condensed phase data obtained were used
for training of the final DL models for each group.

Table 2.4. Pure solvent properties of alkenes training set molecules, usiiad il and
the best LJ from the training data selected by Latin Hypercube Design.

Alkenes Training Set
Vm aHvap
(cu. A) (kcal/mol)
Molecule Description
Diff %Diff Diff %Diff
Initial -3.79 -4.84% 1.36 28.87%
Ethene —
Best of training 2.61 3.08 -0.08 -2.45
Initial -1.96 -1.74% 0.1 2.22%
Propene -
Best of training -0.42 -0.37% 0.03 4.74%
Initial 2.00 1.25% -0.11 -2.33%
1-butene —
Best of training 4.74 2.91% 0.05 1.02%
Initial -1.98 -1.29% -0.20 -3.82%
2-butene —
Best of training -4.35 -2.88% -0.28 -5.43%

Although LHD samples the selected LJ parameter space uniformly it does so at a low
resolution such that identifying the regions of parameter space that most accurately
represent the experimental pure solvent properties fohaflen molecules is not achieved.
DNNs have the ability to extract complex information from data, even when the training
data is composed of much simpler informatiétOur models use the LJ parameterand
Y j of the given atom types as features to predict the pure solvent propesteesdV
pHa qaldas the outputs or labels for each molecule in the set. The convergence of the
error metrics (MAE and MSE)uling the training is shown ippendix 2 In all cases the
models are largely converged after 100 epochs though training continued until the exit
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criteria discussed above was mEte resulting DL models were able to predict the MD
simulationbased targedata based on condensed phase data from simulations of a subset
of the LHD selected parameter sétsr the final models the correlations between the MD
based true and Dbased predicted values of all target properties in the test split from the
5-fold cross validation for each group are shown in FigiiBefor all four groups.The

average Rof all the models was 0.96 + 0.03, which depicts their high predictive ability.
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Figure 2.3: Correlation plots for MBbased true vs. Dbased predicted properties for of
all target properties in the test split from théokl cross validation applieduring DL
training. AandB) alkenes model; @ndD) 3 membeed ring compound model; &dF)
4 membeed ring compound model; &hdH T Nitriles model, where the correlations of
Vma n d vadp biitd are depicted individually.

With the 3and4 membeed ring groups, a subset of the condensed phase simulations
based on the LHD selected parameters werstabte. This is due, for example, to certain
combinations of LJ parameters havig pvalues that are too large orvalues that are

not favorable enough over the different atom types in the group such that the interactions

between the monomers the simulations were not favorable enough to maintain a
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condensed phase. In these cases, the liquids expanded into gases during the NPT
simulations. Such a behavior, associated with what is termed infeasible vs. feasible
parameter sets, was anticipatesl LHD explores the full range of the multivariate LJ
parameter space, thus potentially resulting in infeasible combinatiovis gf and- as
occurred with the cyclic compounds. Notably, the number of infeasible sets was limited to
53 out of 220 for3 membeed rings, 18 out of 225 fof membeed rings (without
optimizing the oxygenand 10 out of 120 (with optimizing the ring oxygeAppendx 7

and §. Thus, the final models for such groups were trained on the remaining, feasible LJ
parameter sets, while there were no infeasible sets in alkenes and nitriles giaups.

number of sets used for DL training for each group are includaédpendx 7.

2.3.3High-throughput LJ Parameter Selection

The trained DL models were applied to sample from a broad range of LJ parameters
space at high resolution to identify top ranking LJ parameter sets for the four groisps.
involved using the DL models to pretihe puresolvent or crystal properties of 10 million
input parameter sets (and’Y ), where the input parameters were generated by
stochastically sampling throughout the entire LJ parameter space of uf fmogsible
parameter sets usinge BruteForce algorithmThe BruteForce algorithm is a straight
forward problemsolving method where all possible solutions to a problem are tested
individually, retaining only those that are close to the actual solution. Somé&noel
examples of itsapplications include the implementation of chess in Atrtificial
Intelligence?®® 2%%and cryptography* 24'Such an algorithm was recently used in a DL
based force field parametrization framework for ReaX¥following this strategy, W

a n d vadp Hatd were pedicted for 10 million LJ parameter sets generated stochastically
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within the specified range of parameters for the traksieigmolecules. Such a large
number of sets were sampled to allow the DL models to interpolate and predict pure solvent
empirical preerties for LJ parameters that were not covered by the LHD selected
parameters.

Once the 10 million LJ parameter sets were sampled using-Boute, the next step
involved determining the sets of parameters which yield empirical condphasd
properties closest to their experimental values. However, determining a single set of
paraneters that yields objectives closest to the target represents a significant challenge
associated with the present mudéiriable, multiobjective problem. Thus, a custom error
function,Q , was applied to choose a collection of best sets for eacp @ is based
on the weighted unsigned differences between predicted and experimental values of the
observables (Equations2zo 2.4). Presented in Figu@4 are the distributions @  for
the four functional groups. Evident are the brdetributions, with the distributions biased
towards lowQ  values for all four groups, with the widest range of errord foembeed
groups and least for the nitriles. However, in all cases it is evident that a large number of
parameter sets havew scoring’Q  values.Accordingly, additional target data was

required to select the final parameter sets, as described in the next section.
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Figure 2.4: Histograms showing probability distributions of the ef@dr of the brute
force scan data for each functional group.

Selection of the final LJ parameters:

To select the final sets of parametabsinitio QM interactions of rare gas elements (He
andNe) with the training set molecules were used. The use of raraag@s compound

ab initio data has previously been used in CHARMM and Drude FF LJ parameter
optimization?%122 This approach focuses on balancing the interaction energiés an
distances over the different molecules and orientations while the magnitude of both terms
may be systematically offset from the QM values, as required to allow for accurate
reproduction of experimental condensed phase data. This approach was desiddesb®

the parameter correlation problem where more extreme values of LJ parameters can yield
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good agreement with experimental data as, for example, an unphysically laitieone
atom type may compensate for an unphysically smabn a second am type during
optimization.

The final parameter set selection was initiated by selecting approximately the top
100,000 LJ parameter sets from the 10 million sets subjected tcMBitde analysis with
the DNNs. This was performed by identifying'@n cutoff that yielded approximately
the top 100,000 setSor alkenes, the top ~100,000 sets encompass@d afess than 4.0.
The chosen subset of the data was divided into unique clusters of LJ parameters, with a
minimum of 6 LJ sets in each clust@hese clusteraere then subjected to the rare-gas
model compounds RMSF calculations for up to the top 500 sets in a cluster ranked based
on theQ values The clustering ensured a uniform sampling of the LJ parameters in the
top 100,000 sets whilfocusing on lowef)2  values as well as avoiding the need to
perform the RMSF calculation on all 100,000 setse 0J parameter set corresponding to

the lowest RMSF value along with a |& was chosen as the final set.

2.3.3.1Importance of inclusion of both condensed phase and ab initio QM target data
in LJ parameter optimization

Shown in Figure.5 are rare gasmodel compounds PES fordtopene, dbutene
and 2butene, targeting the terminal and fterminal carbons in the double bond for
different interaction orientationsThe figure represents PES from the ab initio QM
calculations and for the final LJ parameter set selected based on the lowest RMSF along
with those from CGenFF. As is evident there are significant differences between the QM
and MM PES, with the MM PES for the Drude force field being systematically more

favorable and with minima at shorter distances; a similar trend occurs with CGenFF. This
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emphasizes the need for the use of the DNN to facilitate the selection of LJ pasdhatter
reproduce the experimental data while the RMSF of the differences between the MM and
QM minimum interaction energies and distances over the rarengdsl compound
interaction orientationselects LJ parameters that balance the interactions astefuof
orientation. The similarity of the Drude and additive CGenFF PES indicates that the
difference between QM and MM PES largely reflect limitations in the use of dimers alone
to model dispersion interactions that also yield appropriate condensesl grioagrties

with an MM model. Additional limitations in the treatment of lofrgnge dispersion
contributions in the QM mod@f*24> will also contribute to the differences in Figlz®

andAppendix 13 tdl5 for the remaining groups.
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Figure 2.5: Potential energy surfaces of the rare-gik&ne model compound interactions
for 1-propene (prpe), -butene (ibte) and Zoutene (bte2), at different angles of
interaction: inplane and oubf-plane (OOP) with Helium (He) and Neon (Ne) for the QM,
final Drude FF and additive CGenFF model chemistries.

Additional analysis was undertaken to better quantify the use of the DL model for
LJ parameter optimization and the impact of the use of the RMSF metric for final parameter

set.Shown in Table.5 are average difference and percent difference in condensed phase
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properties for the training sets for the four groups for LJ parameters obtained at different
steps in the parametrization workflolm. addition, the goc and RMSF from the final two

steps 6 with workflow are included.As is evident going from the initial guess LJ
parameters to the best of the LHD selected parameters to the parameters from the-DL Brute
Force sampling based on theoe metric alone generally leads to improvement in the
overal agreement with the experimental condensed phase propéniassion of the

RMSF metric in addition to@cwhen selecting parameters leads to poorer agreement with
experiment in the majority of cases associated with an increase iptraatric whilethe

RMSF value decreased as expectdh the nitriles, the lowestkecLJ parameter set also
corresponded to the lowest RMSF associated set. Thus, as expected the inclusion of the
RMSF metric leads to suboptimalse values and a degradation in the agnent with the
average condensed phase properties, though the differences are not statistically significant
in the majority of casesiowever, the inclusion of the RMSF metric yields LJ parameters
with an improved balance in the interactions between the gases and the model
compounds as function of orientation and, importantly yields the overall good agreement
with the experimental condensed phase properties for both training and validation set

molecules as presented below.
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Table 2.5: Comparison of the eroc and RMSF metrics along with the average differences
and percent difference between the calculated and experimental pure solvent condensed
phase properties for the LJ parameters from the initial guesshbdst LJ parameters
selected by Latin Hypercube Design and from the DL BFRaeee sampling based on the

eroc metric alone and based on both thesand RMSF metricsAverages are over the

training set compounds in each group.

P Hap
- V m Diff. Vm Diff. aHvap
Gro Description RMSF X .
up Pt &roc cu. A) | %Dif. | (kcalimol | % Diff,
)
Initial NA | NA | 2.43:0.45| 2.28+0.86| 0.44:0.31| 9.3146.53
Bestof LHD | NA | NA | 3.03+0.99| 2.31+0.65| 0.11+0.06| 3.41+1.02
Alkenes | o ¢ selected 0'350 0.1254 | 1.01+0.56| 0.67+0.34| 0.10+0.05| 2.24+1.21
&oc /RMSF 1 2.510 | (15431 1.3140.23| 1.2040.43| 0.18+0.08| 5.07+2.99
selected (final) 0
Initial NA | NA 13'6791“5'7 10'1§i3'9 1.19+0.37| 29.06+16.60
s mem. | BeStofLHD | NA | NA [ 038:027] 0.36:0.28] 0.51£0.22| 872+4.32
rNgs | eroc selected 1'272 0.1937 | 0.28+0.10| 0.24+0.09| 0.57+0.27| 10.48+5.88
&oc /RMSF | 2175 | 1904 | 0.46£0.13| 0.40+0.14| 0.58+0.26| 8.28+2.46
selected (final) 0
Initial NA | NA 12'1621“2'8 9.22+2.67| 2.44+1.30| 26.54+6.14
4 mem. | Bestof LHD | NA | NA | 3.82:0.80[ 2.79:0.21] 0.50:0.15| 6.95¢1.64
rNgs | eroc selected 3'222 0.1478 | 1.2640.85| 0.76+0.44| 0.89+0.17| 15.23+5.05
eroc /IRMSF 3.890
solocted (fnal) | 0 | 0-1447| 1.53+0.47| 1.11:0.28| 0.95:0.19| 16.46+5.15
Initial NA | NA | 1.37+0.35| 1.10+0.33| 0.96+0.28| 0.42+0.56
Bestof LHD | NA | NA | 1.38+0.31| 0.86+0.19| 0.61#0.15| 4.79+0.91
Nitriles | o selected 1'388 0.0844 | 1.13+0.32| 0.82+0.21| 0.53+0.31| 3.79+1.65
eoc /RMSF | 1.888 | 09, | 1.1350.32| 0.82+0.21| 0.53+0.31| 3.79+1.65
selected (final) 7

2.3.4Validation of the final parameters

The final LJ parameters chosen from the high throughput selection process were
validated through pure solvent calculations on the separate validation set molecules and on
the calculation of dielectric constants and HFEs of both the topisuml validation set
compounds. Tabl2.6 presents the final pure solvent and crystal properties including V
aHvap, aHsunand dielectric constants along with the HFE of the training and validation set
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molecules for alkene group. Tald& lists the average unsigned differences and the percent
differences of the W and aHvafaHsuw Of the final calculated properties to their
experimental values for all four groups with the HFE values for the four groups shown in
Table2.8. For the alkenes, the differences in the energetic terms are typically less than 0.5
kcallmol and the percent difference less than 10 % indicating geneesnagnt within
chemical accuragy“® 24’ of experiment for the studied properties. Analysis of Taplés
and2.8 indicate that the Drude model generally shows improvement over the additive FF
when taking all the molecules into acobuAn exception occurred with the alkenes, where
the average differences were smaller with the additive model, though the Drude performs
better with the validation set molecules. Specifically A/onembeed ring compounds, on

an average the Drude Féproduced W by 4.09+0.36 A for the training set compounds,
1.04+0.22 Bf or validation set compowwedessimlawhi | e t I
with 0.11+0.0%calmol for the training set and.18+0.15«cal/mol for the validation set.

For alkenes,he overall quality of the optimized LJ parameters was similar or better than
CGenFF, where Drude FF was better than CGenFF by 0.02+8ft2\A, and 0.12+0.08

kcal mo |  povhile spilar to CGenFF for dielectric constaitt.02+0.01) and better

by 0.24+0.03kcalmol for HFEs. The highest difference in HFE was in the case of alkenes
(-0.6 kcalmol) with cyclohexene. Overall, the condensed phase properiesn/d vagpH

or s@pfbr the validation set molecules and the dielectric constants and HF&# for
compounds were all close to their experimental values using the optimized set of LJ

parameters.
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Table 2.6: Thermodynamic properties fy @ Hilielectric constant) and Hydration Free
Energies of thélkenes. NA indicates that experimental data is not available. Differences
in molecular volumes/m in A® and enthalpies of vaporization and sublimatimd
hydration free energy kcalmol.

Training Set
Dielectric Hydration Free
Vim & hap Constant Energy
Force
Molecule Field
Diff %Diff | Diff | %Diff Diff | %Diff Diff %Diff
Eth Additive 1.14 | 1.37% | -0.11| -3.40% | NA NA -0.30| -30.00%
ene
Drude Final| -1.97 | -2.46%| -0.41| -13.95%| NA NA 0.04 | 2.83%
b Additive 1.19 | 1.03% | -0.04| -0.92% | -0.06| -2.80% | -0.15| -13.04%
ropene
P Drude Final| -1.05 | -0.92%| 0.09 | 2.00% | 0.27 | 11.20% | -0.21| -19.01%
L-but Additive 478 | 2.93% | -0.12| -2.55% | -0.28| -14.89%| -0.26 | -22.81%
-butene
Drude Final| 1.21 | 0.76% | -0.15| -3.21% | -0.02| -0.93% | 0.35 | 20.13%
>-but Additive -5.65 | -3.77%| 0.05 | 0.91% | -0.19| -10.80%| NA NA
-butene
Drude Final| -0.99 | -0.64%| -0.06| -1.12% | -0.20| -11.43%| NA NA
Validation Set
1 ) Additive 4,02 | 2.16% | 0.01 | 0.16% | -0.13| -7.20% | -0.68| -67.22%
-pentene
P Drude Final| 2.88 | 3.20% | 0.22 | 3.49% | 0.26 | 11.37% | -0.1 | -6.38%
1.h Additive 2.68 | 1.27% | -0.14| -1.95% | -0.14| -7.54% | 0.00 | 0.00%
-hexene
Drude Final| 1.14 | 2.04% | -0.11| -1.53% | -0.04| -1.93% | -0.02| -1.19%
Additive -0.36 | -0.20%| 0.46 | 6.73% | NA NA NA NA
2-pentene -
Drude Final| 4.48 | 2.00% | 0.16 | 2.45% | NA NA NA NA
2.h Additive -1.98 | -0.96%| 0.29 | 3.70% | -0.23| -12.97%| NA NA
-hexene
Drude Final| 3.77 | 1.50% | 0.12 | 1.56% | 0.10| 3.48% | NA NA
3-hexene Additive -1.01 | -0.50%| 0.73 | 8.85% | -0.19| -10.80%| NA NA
-hex
Drude Final| 5.31 | 2.52% | 1.25| 14.29% | -0.19| -10.80%| NA NA
Additive 452 | 2.62% | 0.38 | 4.59% | NA NA -0.07 | -24.20%
Cyclohexen -
Drude Final| 8.60 | 4.87% | -0.85| -11.90%| NA NA -0.63 | 244.68%
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Table 2.7: Pure solvent and crystal properties averaged over the four groups. Molecular
volumes, \hin A% and enthalpies of vaporization and sublimatiokéal/mol. Differences

and percent differences are unsigneehorted uncertainties represent standard error
values.

Training Set Validation Set
Grou | Force
O I I A ol il BV A ) e
Diff. Diff. Diff. Diff. Diff. Diff.
Additive 3.19+1.] 2.2740.| 0.0840.| 1.94+40.| 2.4340.| 1.2940.] 0.3440.| 4.31+1.
Alken 18 65 02 62 91 47 13 59
es Drude 1.31+0.| 1.20+0.] 0.18+0.| 5.57+2. | 4.36+1.| 2.69+0.| 0.45+0.| 5.87+3.
23 43 08 86 07 61 28 24
3 Additive 2.80+1.| 2.73+1.| 0.59+0.] 10.48+2| 6.76+0.| 3.91+0.] 0.97+0.| 9.79+2.
mem. 73 93 13 .88 30 32 29 20
rings Drude 0.46+0.]| 0.40£0.| 0.58+0.| 8.28t2. | 9.57+2.] 5.55+1.] 0.70+0.| 7.29+3.
13 14 26 46 61 40 29 77
4 Additive 5.62+1.| 4.1940.] 0.84+0.] 10.90+1| 6.91+1.| 4.64+0.]| 1.23+0.| 13.87+1
mem. 19 84 14 .53 63 97 36 .53
rings Drude 1.53+0.| 1.11+0.] 0.95+0.| 16.46x5| 5.87+1.| 4.29+1.| 1.05+0.| 12.69+2
47 28 19 .15 20 25 07 .10
| Aqditive 2.99+1.| 2.02+1.| 0.82+0.] 5.59+1. | 2.83+£2.| 1.96+1.| 1.80+0.| 12.35+5
Nitril 94 34 34 75 00 42 95 .36
es Drude 1.13+0.| 0.82+0.] 0.53+0.| 3.79+1.| 2.29+1.| 1.25+0.| 1.01+0.| 7.68+1.
32 21 31 65 33 63 32 93
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Table 2.8: Hydration Free Energy (HFE) and dielectric constants, averaged over the four
groups.HFE inKcal/mol, where uncertainties represent standard error valiedi¢ates

data from only one molecule (due to rawrilability of experimental data for others).NA
indicates noravailability of experimental data.)

Training Set Validation Set
Grou HFE Dielect Dielectri HFE Dielect | Dielect
p Force % Diff. : c % Diff. ric ric
: HFE ric HFE
Field . Constant . Const | Consta
Diff. Consta % Diff Diff.
nt Diff, | 70O ant nt
Diff. % Diff.
Additiv | 0.24+0 | 21.95+4.| 0.18+0.| 8.85+2.6 | 0.25+0 | 30.51+ | 0.17+0| 10.51+
Alke e .04 26 06 8 .19 17.0 .02 1.20
nes Drude 0.20+0 | 14.0845.| 0.16+0.| 8.32+3.2 | 0.25+0 | 83.19+ | 0.15+0 | 6.56%2.
.09 55 06 2 .19 79.5 .05 28
3 Additiv | 1.11+0 | 49.18%+2.| 17.00+ | 57.78=0. NA NA NA NA
mem. e .36 26 0.0* 0*
rings Drude 0.29+0 | 22.95+1 | 0.7240.| 5.48+0.0 NA NA NA NA
17 4,37 0* *
4 Additiv NA NA 0.22+0.| 12.29+0. NA NA NA NA
mem. e 0* 0*
rings Drude NA NA 0.%210. 10.8?10. NA NA NA NA
Additiv | 0.32+0 | 8.95+2.7| 16.00+ | 151.93+3| 1.20+0 | 19.64+ | 12.36+ | 99.12+
Nitril e .08 9 0.27 2.31 41 1.21 0 0
es Drude 0.15+0 | 3.98+1.2| 4.04+2.| 23.75+12| 0.44+0| 7.9043.| 8.67+0| 53.65+
.05 0 29 .81 .21 03 0
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2.4 Conclusion

Optimization of LJ parameter is a complex mukiriable, multiobjective problem thatquires
extensive numbers of condensed phase simulations during the optimization pfteedsl
parameters, which are limited to one or two atom types specific for a functional group, must be
able to reproduce the experimental thermodynamic propertiesiltiple molecules that contain
that functional group. In addition, there is the parameter correlation problem where the LJ
parameters on different atom types can compensate for unphysical parameter values in the
individual atom types. This issue will lzeldressed in more detail in a forthcoming manuscript.
Finally, there is the broad range of chemical space that needs to be covered by a given force field.
In combination these represent a significant challenge. To address such a challenge, we have re
designed the workflow for the LJ parameter optimization in the Drude FF by taking advantage of
the sampling power of Latin Hypercube Design (LHD) and the predictive power of Deep Learning
to allow for the extensive sampling of LJ parameter space while beiadaainiclude condensed
phase data into the optimization procéssaddition, QM data is used to overcome the parameter
correlation problem. Using this approach, we obtained high quality parameters for four groups of
molecules representing different furmctal groups including alkenes,&hd 4 membeed ring
compounds and nitriles.

Our method at first utilizes LHD to generate 97 to 200 parameter sets uniformly sampled from
the multidimensional LJ parameter space. These parameter sets are used to calculate pure
solvent/crystal properties of the training set compounds for each grioeigieherated data is then
used for training the DL model. When selecting such wide ranges of LJ parameters for MD

simulations to obtain the condensed phase data for training the DL models, certain combinations

73



of parameters led to unstable systems assatwith infeasible parameter sets for the 3 4nd
membeed ring compounds, and, therefore, were eliminated from the training data.

The trained DL model is then used in a Brhtece search algorithm to predict the properties
from 10 million sets of ard Y j over the atom types being optimized for the training set
molecules. From this data top parameter sets are selected based on a weighted error function that
includes experimentdfma n d vagpH s@ddndensed phase data and then clusterestibas
their LJ parameterd he final parameter set out of the 10 million sets is chosen based on good
agreement with the experimental data as indicated b2themetric and orthe lowest RMSF
between the MM and QM minimum interaction energies artdrmiigs of the rare gas elements He
and Ne with the training set compoundke final chosen set is then validated by determining the
experimental values of the training set molecules to confirm their quality and tested for
transferability by testing themnoan owtof-training validation set molecules. In addition, the
dielectric constant and the HFE of the molecules are determined. The final LJ parameters
optimized using the current workflow yielded parameters which reproduced the experimental
properties ofthe training and validation set compounds with an average unsigned error of
3.3240.94 A for Vm, 0.68+0.22kcal mo | fap 1.2848& 6D for dielectric constant and
0.42+0.18calmol for HFE, where the uncertainties represent standard error.

The quality of the final parameters and the resulting empirical pure solvent/crystal
properties indicated the overall strength of the workflow. The overall agreement of the pure solvent
propeties of the compounds in Drude FF was improved over the additive CGenFF. In addition,
the Drude model can also reproduce the HFE values well as the pure solvent or crystal properties,
as seen previoushf, thus emphasizing the importance of the explicit inclusion of polarization in

a FF.
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Chapter 3Challengeselated to théptimization ofLennardJones
Parameters ikmpirical Face Fieldan contextof theDrude Polarizable

Force Field

3.1lIntroduction

Empirical force fields, represented by a set of simple potential energy equatweshelped
simulate atomistidevel details ofa wide range obiomolecular andchemical systems. Te
accuracyof these force fields determines the quality of the details captured by these simulations.
For this reason, the optimization of the force field parameters must be undertaken with utmost
care. The parametrization thfe nonbonded portion emprical force fields is typically based on

a combination oéb initio quantum mechanical (QMjas phase data and experimental condensed
phase properties of model compounds. The Lendangs (LJ) terpa formalism used to represent

the potential form othe van der Waals intermolecul@teractions and forcesiave proven to

make significant contributions tdhe condensed phase properties afyanic norpolar
moleculeg! 2*8polar neutral organic compount$ *??nucleic acid base analgé$2°?and other

small organic molecule&®® 115 116. 122Hence obtaining accurate LJ parameters is an essential part
of the force field parameterization process.

Optimization of the LJ parameters is a multivariate and robijtedive problem typically
undertaken for multiple atom typdargetingthe experimental thermodynamic properties of
multiple molecules. Atom types in CHARMM force fieldgfinethe chemical identity othe
atons and are based on its hybridization state, bond orders tfggonded chemical neighbors

andnumber ofcovalently linkechydrogens. The experimental thermodynamic properties used for
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such an optimization may includeeh e at of vaporiaeafhtsobl i oppddlviapn, |
molecular volumeym, isothermal compressibilitgndviscosityamong others

LJ optimization in empirical FFs is often associated with problem of parameter
correlation *?* 125where numerically distinct sets of parameters ideally reproduce the experimental
target properties. For exampleith the CHARMM additive FF, it hasbeenshown that different
LJ parameter sets of ethane could edowm¥dhly wel
that study theparameters were optimized solely based on the condensed phase thermodynamic
properties and hence did not account for thepdase behavior of the moleculé&imilarly,
Kaminsky et al. observed that optimizing LJ parameters sdbeiyeting condensedphase
properties could reproduce the experimental condensed phase properties of methanediol and
ethanediol in OPLR\A FF butthe gas phase dimerization energy for these molecules were largely
overestimated®3 On the other hand, optimizing the LJ paramegadusivelyon the akinitio gas
phase dattypically leadsto a poor representation of the condergkdse behavior. For example,
force field parameters for methane developed by Tsuzuki et al. basledivelyon the abinitio
gas phase data of methane dimer yiekfetb 48% differences with the experimentahdensed
phase proper t iVeand diffusion coafficients® o ayercome such a problem,
Yin and MacKerell (1998) devisednaostepl.J optimization method utilizing both ab initio rare
gas based data along with experimental thermodynamic properties of the target m&i&Thles
method has since been utilized for the optimization of the LJ parametieesaidditiveCHARMM
and Drude polarizabl&Fs!?! 22 While using both ahinitio and thermodynamic properties
minimizes the parameter correlation probjéne problem persists whenannindarge regions of
LJ parameter spac&his observabn was made irChapter2 and ref® that addresskethe

challenges associated with LJ optimizattBhin that work, we developed a high throughput
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approach for the optimization of LJ parameters associated with 10 difteen types over four
different chemical functionalitiedn the previous worka wide range of LJ parametewere
selected from which a subset aginitially sampled using Latin Hypercube Design (LHtiD#t

were utilized to calculate the empirical thermodynamic properties of the training set compounds.
The generated data wisenused to train a Deddeural Network (DNNY°° modelfor each class

of compounddo predictthe thermodynamic propertiesf the targeted compound$he trained
modebk werethen used to predictteHv a p, s waliesfor Ahndllion LI parameter
setsgenerated using Brufeorce samplingwhich wererankedusing a custom error function

(Q ) based on theeproduction of theexperimental thermodynamic properties. The best
~100,000 LJ parameter sets were then chosentfiese 10 miion setsfor each of the 4 classes

of compoundsnd parametébased clustering was applied to identify distinct sets of LJ parameter
from which asmallsubset 0f~20003000 setsvas chosetffior further evaluationAb initio rare

gas based root mean squfivetuation (RMSF) evaluation was undertaken on this subset and the
final LJ sets were chosen by using bdath and RMSF. Although the chosen parameters
reasonablyeproduced the thermodynamic properties of the training and validatioonspounds
guestions remained concerning if the ideal set of LJ parameters for each class of compounds was
selected, in part, due to tharameter correlation probleMotivated by this concern in the present
work we address the following issues. Firsthisparameter correlation problem inevitalbiben
scanninglarge and multidimensionalregions ofLJ parameter spa@nd, second, khat could be

the best approach to seldictal parameterérom sucha range of parametspace such that the
parameters yiela satisfactorybalance between condensed phase and gas phase belavior?
addition, detailed analysis of the individual compounds and gas phase interactions are analyzed to

identify potential problems in experimental target data and types of interadtiahsare
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particularly challenging for empirical force fields to accurately trAatordingly, thespecific

goals of this chapter ara)to explorethe parameter correlation problemdetailand understand

the relationship between the involved observalite propose a solutio the problem b) to
identify better parameter sdtsatbestrepresents the condensed phase and gas phase behavior of
the compounds in the training sets and are transferable to the validatiandet¥ identify
limitations in tre target data used for LJ parameter optimization that may offer insights to facilitate
future parametrization efforthis work is based on the @dlasses of compounds studli@ our
previous work!® andChapter 2 i.e. alkenes, 3 and 4 membered rings and nitréesl the four

sets ofbest100,000 LJ parameter sets identified for each of those classesmpbunds

3.2 Methods

The datasets used in this study were the four sets of the top 100,000 LJ parameters for the
respective four classes of compounds selected usirfQ théunction that is based on differences
between the experimental and calculapenle solvent and crystal condensed phase properties.
Briefly, theQ  function is based on a weighted sum of differences bet¥eéen ,Y( , and

Vm values for theselecteccompounds, where the calculated values \gereratedising the Deep
Neural Networks (DNN) developed in the previous stitfand Chapter @r from empirical
molecular dynamics simulatisnThe molecular structures of the compounds used for this study
are depicted in Figure 2.1 of Chapter 2 and Appendix 4.

3.2.1Comparison of the @-initio model compoundsrare-gasinteractions based on root

mean square fluctuation (RMSF) analysis

To analyzethe correlation of the thermodynamic daaad the ab initiacare gasdata an error
function based oRMSF of differences between the ab initio and empirical rare gas data over the

training set model compounds and differere gasnodel compounthteraction orientationwas
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usedThe RMSE error function selects parameter sets that are balanced with resihectdlative
interactions of the model compounds with the rare gases while allowing the MM energies and
distances to be offset from the QM valu&8'?2 While the details of theare gasbasedRMSF
functionweredescribedn Chapter 2hey are presented here due to their importantledrpresent
study.Equations 3l to3.10represents the calculation of the RMSF function, which is referred to
as RMSE, where Kindicateseach set of LJ parametersQM rare gasnodel compound
interactions were performed e MP2/ccpVQZ model chemistryvith BSSE correction, using
counterpoise methd® with the QM programPsi4°*1%2 Rare gagnodel compound interaction
orientations used wers-plane linear (0° from plane of target atom}piane lateral (90° uplane

of the target atom), and oeaf-plane (90° oubf-plane of thetarget atomYor the targetectom
typesin each model compour{éigure 3.1) whererer feasible The absolutadifferences between

the QM andmolecular modeling\]M ) werecalculated for the minimunmteraction distances and

energies ndi cat ed spegtivelyasashown &, r e
1 0O ; O ; Equation3.1
- (O Oy Equation3.2

O andO  denote theViM and QM minimum interaction distances, respectively, while
Oy andO denote thevIM and QM minimum interaction energies, wherepresents the

model compond-rare gas interacting pairg,represents the interaction orientations (in plane
linear, in plandateral and oubf-plane), anK represents each set of LJ parametExample
interaction orientations fooxetaneare shown in Figure.1 The mean diffenaces are then

determined over the different interaction orientatipis each interacting pairas denoted

I e Equation3.3
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- h — Equation3.4

The RMSF about the mean differences of the interaction orientajjocar® then calculated for

each interacting pairas shown

1 H i Equatio 3.5

- i _— Equation3.6

Next, the mean of the RMSF for each LJ parametef setalculated by taking the mean of the

1 H and-  , respectively, over all interaction pairs per molecule
B .
T " —_— Equation3.7
B & .
"R EE— Equation3.8

The sum of the RMSF of the distances and interaction energies are then calculated for each LJ

parameter seK for individual molecules

YOYo 1 5 +- 5 Equation3.9

Finally, the overall RMSF of each LJ parameter set is calculated as the méan ¥f@r all the

model compounds being considered as shown

Equation3.10
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A B

OOP — CQ3R4A . OOP — OQ3C4A
©
© ¢
IP — CQ3R4A
IP — OQ3C4A
© d | ®
© © ©
IP-LAT —CQ3R4A IP-LAT —OQ3C4A

Figure 3.1: Interactionorientatiors of Oxetane (OXTN)with Ne in three different planes foA.
Carbon(CQ3R4A andB. Oxygen(OQ3C4A of 4 membeed rings OOP indicates otdf-plane,
IP indicatesn-planelinear,and IRLAT indicates inplanelateral orientations.

3.2.2Relation of RMSFK to m - through empirical pure solvent data

As a part of the analysi the parametecorrelation problemit was important to explore if the
RMSF valuecandistinguish between two distinct sets of LJ parameters, that may yield similar
condensegbhase propertie®@r Q  values) To achieve thissets withlowestQ  scores from
equal intervals oRMSFX were choserfor empirical condensed phase analysistraining set
compoundsSome of theechoser_J sets were alsextended to thealidation set compounder

a test of transferabilitgnd to select the final set of LJ paramet€he fourdifferentgroupsstudied

in this chaptearei alkenes3 membeed rings4 membeed rings and nitriles, consisting of a total
35 compounds over 10 different atom typ&s.described in ref’® and Chapter 2,azh of these
35 molecules werased for the calculation of thén andg Hap for the liquid state, while two of
themi 2-cyanopyridine (2CYP) and-8yanopyridine (3CYPyhich exists inthe solid state at
room temperature (298 K) were also subjectedrystal simulationsor the calculation of solid

stateVm andae Hu?%% 21For the puresolvent simulations, the liquid baxascomprised of 216

81



molecules spaced at equal distances ol 6n each directionThe box was first equilibrateid
CHARMM additive force field for & ns (100 ps NVin CHARMM, followed by 400 ps in NPT

in CHARMM and 3 ns in NAMD). The fully equilibrated additive box was then used as the initial
configurationfor the Drude simulation®rude particles were added tbe nonhydrogen atoms

of the molecules, wheremassof 0.4 amu was transferred to the Drude particles from their real
atoms.In addition to this, lone pair particles were added as required for the hyesogdn
acceptor atomsThis was therfollowed by a steepestiecent (SD) minimization for 200 steps
where the Drude particles were allowed to relax while harmonic force constant dft?
(kcalmol/A?) was used to restrain the real atofkis wasthenfollowed by another round of
minimization where all péicles were allowed to relax using SD for another 500 sfidpsliquid
boxes thus prepared were subjected to 100 ps equilibration in the NVT ensietiteed bya

400 ps equilibration in the NPahsembleall at 1 atm pressure and experimental tempersfas
listed in Appendix 1)using CHARMM as the MD engirandusing theéVelocity Verlet integrator
(VV2).*4 The VV2 integrator approximates the sedihsistent field (SCF) condition of the Drude
particles through an extended Lagrangian dual thermostat fornf4llsseparate low temperature
thermostat of K was used for the Drude particlesensure their relaxation accordinghe SCF
regimen After system preparation and initial equilibration@HARMM, the liquid stateMD
simulatiors werecontinued in NAMD for 600 ps to Bs depending on the convergence of the
respective systems:or thesolid-statesimulations,the initial crystal coordinates werebtained
from the Cambridge Structural datab&se and replicated using the CRYSTAL module of
CHARMM, such thafor both 2CYP and 3CYkhere were 32 molecules feachcrystal.Drude
particles were added to the Rbypdrogen atoms as described earlier in this section and in Chapter

2, while the simulation parameters @ned the samas the liquicsystemBoth crystal and liquid
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simulations were performeshdependently intriplicates, each starting from adifferent seed
numberfor velocity generationThe analysis and further evaluation of the condepbede

properties was also performed in CHARMBE detailed in Chapter 2.

3.3 Results and Discussions

3.3.1Relation of RMSF to g | -

Initial analysis involved theelationship of thd(RMSF valuesto’Q  for the top 100,000 sets of
LJ parameters for all fogroupsof compounds, thalkenes3 membeed rings4 membeed rings
and nitrilesThese distributions are shownhkigure 32, wherehe histograms otheaxis margins
indicate the density distribution of the two observabes. is an indicator of the quality of
parameter set to reprodutiee experimentalcondensed phase propertieghile the RMSF
indicates theagreemenwith the variation in the MM and QM differences in rare gaedel

compound interactions
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Figure 3.2: RMSF valuesversusQ of thetop 100,000LJ setsgenerated from BrutEorce
scanof all four groups: alkene8, membeed rings 4 membeed rings and nitrilesobtained from
Chapter 2The 1D probability distributionare showron the respective axis margir@MSF in

x-axis andQ in y-axis) The ed crosss showthe previously choseffinal LJ parametein

Chapter 2.

As seen from the figure, the overall relationship between the two observ@blesind
RMSH, is differentfor the four groupsThe cutoff seen with th®  values is due to that term
being used to select the top 100,000 compounds for each compounds cld$3 didtebution of
RMSF of alkenes (Figur&.2 A) shows analmost normhdistribuion that isslightly skewed

towards thesmall RMSF values. In combiration with the'Q  distribution yields a 2D
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distribution with a high level of correlation between the two terms, although the [@westalues
do not fully correspond to the loweBMSF values.

With the remaining three classesasimpoundshe patterns in th®MSH vs.'Q  plots
aresignificantly different where distinct clusters are present ®RMISF¢. With the 3 membeed
rings (Figure8.2 B) theclustersarecentered around the high&WSH valuesTheRMSH values
of the4 membeed rings (Figur8&.2 C) are morenormally distributedhoughsubtleRMSF based
clustersare present. With thaitriles (Figure3.2 D) a large cluster is present at the lowRBMSH
values withseveralsmaller clusters present at higher valuldee resultawith these three classes
representhe parameter correlatioproblem wherdow Q  value exists for both high and low
RMSK. This indicates howdifferent sets of parametean reproduce the thermodynamic
propertiesequallywell, as indicated by a lo@  while yielding significant differences in the
reproduction of thgyas phaselata Additional data addressing this is presented beldve red
crosses in Figure 3.2 showetlpreviously chosen LJ parameter séis.described in Chapter 2,
these sets were chosen based on low valug@s ofandRMSF values from a subsample chosen

from the top 100,000 LJ sets generated from BRateee sampling.

3.3.2Selection of LJ sets for cndensedphase simulations

To more closly investigatethe utility of RMSH for selecting Lparametesets,sets withthebest
m + -scores from equal intervals ®RMSH were chosen forempirical condenseghhase
evaluation. Since each group has different rangeRMSF values, the selection resulted in
different number of thehosen setdWith thealkenes, theange ofRMSF values for the entire
100,000 setsvas 0.0959 to 0.220%artitioning ths range oRMSF valuesinto incremens of
0.008yields equal ranges bounded ©y¥959,0.1039,0.1119,0.1199,0.1279,0.1359,0.1439,

0.1519,0.1599,0.1679,0.1839,0.1919,0.1999, 0.2079and 0.2159From each of thesenges
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the set withthe lowestgg . score was chosesuch that thisesulted intqe | score of 2.1625
for the range 00.0959t0 0.1039(Table 3.1), and so gresuling in 16 different set$or alkenes.
For the remaining group$1-16 LJ parametesetsacross the RMSFrange were chosenThese
setswerethensubjected to calculation of the empirieddvap/ae HuwandVm valuesfor the training
set compounds of the four groupkhe specific parameter set IDs, LJ parametgys; -and
RMSFK values for all 4 groups are included in Table 3.1. Note tha&t thg correspond to Rin/2
such that the Rn values of atoms i and j may be summed to yield?the y; values used in the
LJ function.

Table 3.1: LJ parametersets chosen from top 100,000 sets for alkénepembeed ring, 4
membeed ring and nitrile training set compoundSets highlighted with bold blue text were

subjected to pure solvent/crystal validation.

Alkenes
EE ApREE A | ETE ARRTE AL AR ARIAE AL aE A
SetlD l(kcal moll'll/Ah) I(kcal moll'll/,&n) l(kcal moi‘ll/Ah) i(kcal ;o(i"li/ /J{') b | RMSF
5903 | -0.0290/1.3141 | -0.0390/1.1074 | -0.0628/2.0425| -0.0740/2.1671| 2.1625| 0.1002
66 | -0.0300/1.2967 | -0.0372/1.1758 | -0.0588/2.1185| -0.0701/2.1244| 1.3600 | 0.1064
3 -0.0301/1.2179 | -0.0383/1.0857 | -0.0586/2.2308 | -0.0703/2.1100| 1.0150 | 0.1161
1 -0.0329/1.1163 | -0.0370/1.0809 | -0.0564/2.2253 | -0.0740/2.1207 | 0.9625 | 0.1203
2 -0.0380/1.0945 | -0.0376/1.0449 | -0.0564/2.2537 | -0.0736/2.1296 | 0.9700 | 0.1303
23 -0.0301/1.0483 | -0.0331/1.0518 | -0.0627/2.2929 | -0.0718/2.0892 | 1.2550 | 0.1397
533 | -0.0316/1.3860 | -0.0333/1.3499 | -0.0610/2.0971| -0.0661/2.0174 | 1.6425 | 0.1477
830 | -0.0360/1.1771 | -0.0367/1.3570 | -0.0562/2.1557 | -0.0622/2.0112| 1.7125| 0.1560
1082 | -0.0307/1.2465 | -0.0310/1.3891 | -0.0590/2.1428 | -0.0696/1.9567 | 1.7575| 0.1615
1233 | -0.0318/1.3812 | -0.0386/1.3905 | -0.0620/2.0739 | -0.0609/1.9875| 1.7825| 0.1706
1514 | -0.0309/1.0508 | -0.0374/1.3906 | -0.0584/2.1878 | -0.0650/1.9701| 1.8250 | 0.1759
3462 | -0.0356/1.0681 | -0.0306/1.3877 | -0.0573/2.2286 | -0.0744/1.8520| 2.0100 | 0.1885
7979 | -0.0379/1.0372 | -0.0306/1.3765 | -0.0593/2.2856 | -0.0757/1.8678| 2.2550 | 0.1940
17542 | -0.0359/1.0296 | -0.0294/1.3589 | -0.0633/2.3031| -0.0732/1.7999| 2.5500 | 0.2016
45130 | -0.0334/1.1510 | -0.0329/1.3878 | -0.0651/2.3376| -0.0652/1.7981| 3.0375 | 0.2087
46290 | -0.0371/1.0493 | -0.0376/1.3907 | -0.0636/2.3425| -0.0641/1.8003| 3.0525 | 0.2202
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Table3.1 continued

Table 3.1: LJ parametersets chosen from top 100,000 sets for alkénenembered ring, 4
membeed ring and nitrile training set compoundSets highlighted with bold blue text were

subjected to pure solvent/crystal validation.

3 membered Rings
et D iA E n mA‘CiEﬁ noA iE E AT 'l'iiEli A A - RMSE
(kcal mol'/A) (kcal mol'VA)

46662 -0.0766/2.0731 -0.0817/1.7190 2.1800 | 0.1744

20949 -0.0770/2.0711 -0.0703/1.6828 2.0800 | 0.1770

12617 -0.0777/2.0728 -0.0675/1.6762 2.0375 | 0.1789
2868 -0.0771/2.0738 -0.0663/1.6591 1.9775 | 0.1807

72181 -0.0811/2.1339 -0.0859/1.6728 1.9350 | 0.1830
6903 -0.0817/2.1344 -0.0736/1.6285 1.8425 | 0.1849

56891 -0.0803/2.1247 -0.0757/1.6422 1.8000 | 0.1871

67402 -0.0805/2.1243 -0.0718/1.6299 1.7300 | 0.1893
7779 -0.0801/2.1162 -0.0686/1.6339 1.7025 | 0.1908

11112 -0.0801/2.1177 -0.0697/1.6310 1.6850 | 0.1922

0 -0.0801/2.1145 -0.0669/1.6272 1.6725 | 0.1937

22223 -0.0798/2.1132 -0.0666/1.6273 1.6875 | 0.1955

4 membered Rings
et D iA E n MCiEﬁ. n iE E AT 1’_EliEﬁ A A - RMSEX
(kcal mol'/A) (kcal mol'/A)

35333 -0.0908/1.8247 -0.1027/1.7798 5.7200 | 0.1333
2667 -0.0915/1.8193 -0.1028/1.6803 4.6725| 0.1352
1548 -0.0932/1.8166 -0.1030/1.6784 45375 | 0.1372
679 -0.1007/1.7654 -0.0984/1.6875 4.3725| 0.1393

76 -0.1047/1.7504 -0.1035/1.6780 4.0800 | 0.1413
8 -0.1093/1.7215 -0.0999/1.6804 3.9275 | 0.1433
14 -0.1040/1.7529 -0.1035/1.6663 3.8900 | 0.1447
15 -0.1082/1.7311 -0.1007/1.6729 3.9600 | 0.1463

1961 -0.1037/1.7744 -0.0940/1.6704 4.5950 | 0.1494

23040 -0.0784/1.9313 -0.1022/1.6674 5.4850 | 0.1517

57140 -0.0870/1.9289 -0.1029/1.6799 6.0475 | 0.1537
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Table 3.1 continued

Table 3.1: LJ parametersets chosen from top 100,000 sets for alkénenembered ring, 4
membeed ring and nitrile training set compoundSets highlighted with bold blue text were
subjected to pure solvent/crystal validation.

Nitriles
A'E "B, AE E "E'E A E'E A
setb (lkcal Zg;-ll/z\h) (Ikcal 2:2;.1',;{) -en | RMSFE
2 -0.2133/1.6958 -0.2162/1.8362 1.9117 | 0.0832
31 -0.2042/1.7199 -0.2157/1.8237 1.933 | 0.0893
71 -0.1772/1.8509 -0.1873/1.7572 1.9444 | 0.0952
3389 -0.1513/1.9343 -0.1846/1.6992 2.0006 | 0.0997
17442 -0.1377/1.9759 -0.1865/1.6578 2.0573 | 0.1043
28572 -0.1385/2.0342 -0.1750/1.6035 2.0841 | 0.1123
21270 -0.1373/2.0353 -0.1838/1.6102 2.0674 | 0.1148
21986 -0.1377/2.0446 -0.1867/1.6043 2.0692 | 0.1207
9594 -0.1391/2.0804 -0.1884/1.5712 2.0324 | 0.1265
4908 -0.1380/2.0886 -0.1737/1.5350 2.0105 | 0.1336
717 -0.1371/2.0969 -0.1837/1.5373 1.9711 | 0.1361
321 -0.1398/2.1116 -0.1907/1.5332 1.9607 | 0.1439
69 -0.1386/2.1141 -0.1947/1.5340 1.9442 | 0.145
7146 -0.1444/2.1287 -0.1981/1.5367 2.022 | 0.1496
98532 -0.1784/2.1265 -0.1552/1.5325 2.1854 | 0.1548

Figure 33 shows the relation betwedroth predicted and empiricdk  valuesand
RMSF for the chosen LJ sets for training compoundghef alkenes,3 membeed rings,4
membeed rings, and nitriles. The predictéd values arebased on the DNN predicted
aHvap /@ Hunand Vi of the training set compounds, while tpiricalQ |  is based on the
MD calculated properties. As seen from fig@r®, the predcted versus empiricabalues ofQ
show good correlation for theskenes (RQ 5  t0'Q |  =0.96),4 membeed rings (R=
0.92)andnitriles (R = 0.81)while the correlation is substantially diminished with 3iraembeed
rings (R = 0.18).Although the correlaton @® ; toQ § in 3 membeed rings is low,
as seen from Figure3B, thedifferences between the values only range from 0.01 tq Sirbdar

to the differences seen for the etlgroups where larger ranges®f occur over the RMSF

88



range.Thus, the DNN predicte@®

predictor the MBDbased empirical values.

values may be considered a reliable although not exact

4.0° °
€roc, pred 24 *  ERoc, pred
[ ] €roc, emp b ’ [ ] €roc, emp
3.5- [ ]
[ ]
2.2-
3.0° * x *
® [ ]
¢ O é
Q25 e Q20 .
[~ P o< * ®
O ) * a [ _— e ©®
L 1 ] PY
2.0 b4 * *
»* - @
° , xk * 1.8 [ )
1.5
® o . *x o ?
¢ 1.6
1.0 *x ok
0.10 0.12 0.14 0.16 0.18 0.20 0.22 0.175 0.180 0.185 0.190 0.195
RMSFX RMSFK
*  €roc, pred o : 25 *  €Roc, pred hd
6.0 L} €roc, emp 2.4 [ ] €Rroc, emp
5.5 * 2.3
L ]
g 5*? °x
5.0 o4 e o
[\F] ® Q21 * ,
* *
’ ® * *
4.5 * * 20 : e
¢ °® * X *J'
° 19 * e o o
* L ® [ ]
4.0 .y *
° 18 o
0.1333 0.1383 0.1433 0.1483 0.1533 0.08 0.09 0.10 0.11 0.12 0.13 0.14 0.15
RMSFK RMSFX

Figure 3.3: A scatter charbf the predicted andmpirical g | to RMSF in all four groupsi
alkenes3 membeed rings4 membeed rings, and nitriles.

Next, to extend this test to directly analyze the parameter correlation problem and to
identify LJ parameters that may betr@ansferfrom the training set to the validation set compounds
than those selected in Chaptera2subset of 3l LJ sets from th&1-16 sets from each group were
selected and extended to the validation set compounds. The selected LJ sets were chosen to have
and RMSE. With the alkenes ardl membeed rings, which have

different combinations of2

well defined minimun) the set with the lowe&2 | , was selected along with sétsit
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covered the range of RMSFWith the 3 membeed rings and nitriles therre multiple LJ sets

with low Q values, such that lo® sets with the various RM$Falues were selected.

The LJ parameters of these sets wanalyzed,and pure solveritrystal simulations of the
validation set compoundsgerecalculatel for all four groups

Parameter correlation occurs when multiple parameters related to thephgsieal
phenomena can assume different values while yielding the same physical properties, in the present
case the condensed phase properiiable 3.2presentdhe and2 | values for the selected

LJ parameter setalong with the maximum difference between the same parameter across

different setsin each groupAs seen from the tabl€ | in alkenes showra maximum
difference of ~0.37 A, between the first and the last sets in the table, while shows a
difference of 0.0kcalmol beween those two setblotably, the difference in2  ;  between
the first and last set).37 A, isassociatedith a differerce 0f0.30 Afor2 . directly showing
parameter correlation. Similarly with the hydroge®s  changes by-0.26 A while

2  changes by 0.28 A. These differences in the adiindicated by the differences in their
RMSK while theirQ  values are similarSuch trends aralsoseen in the othahreegroups.
With the nitriles2 . increased by 0.41 A upon going from the first to third set waile ;

decreases by 0.21 A, changes that are mirrored in the RM8#&es while théQ  values are

similar. For the3 membeed rings, the maximum difference amongst the rnadilatively smadl
2  -~0.09 A)as are those for theell depttsisi ( < 0.01kcalmol). However, the

trends of an increase in the radii for one atom type (compare sets 1 and 4) is baldhosd by

asecond atom is still preseiotably, even though the differences in the epsilon values are smaller

the correlation is still evidenkEor examplethe increase in in the alkenes between sets 1
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and 4 and thelecreasen is observedAlthough the3 membeed rings show a lower
difference in the radius as compared to the alkenes, the subtilities are enough to be captured by
RMSK. The observations are similar fdérmembeed rings, where the differences of the radius

and well depths across Iséts with midrange to the highe®MSF are well capturedOverall,

the results in Table 3.2 clearly shewhe presence of the parameter correlation problem.
Importantly,changes in the RM$Fvalues for the different parameters sets for each of the group

is evident indicating the utility of that metric for differentiating between sets that yield similar

‘Q values.
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Fk r_and the abnitio metric

Table 3.2;

Selected LJ parameter sets and their Dé¢Nmatedyy
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3.3.3Contributions of individual compoundsand atom types to error metrics

In the previous sectiorhe role of the correlation of parameters in complicating the selection of
final LJ parameters based on tge; -and RMSE metrics was presented second major
challenge to parameter optimization is the contributions of the individual compounds to
‘Q  and specific atom types and interaction orientations to the EMSHric. In the case of

‘Q , are the developed LJ parameters transferable amongst the training set and validation
compounds?RMSF is the gasphasemetric based on multiplerare gasmodel compound
interaction orientationgor each compoundwVith RMSF¢ are certain atom typesas probedy

specific interaction orientationgarticularly problematic with respect to identifying optimal
parameter® In addition, imbalances in the treatment of the latter are of utility in identifying
limitations in the inherent approximation of using sphéatams in the context of the LJ function

to model the vdW surfaces of atoms in molecules.

3.3.3.1Contribution of individual model compounds to thegy | o —

The'Q values are based on the weighted differences between the calculated and experimental
condensed phase properties over all the training set compounds for each selected parameter set K.
Figures 34 presents the absolute average difference imihk, andVm terms that contribute to

the’Q values over the training set molecules for the selected LJ parameterfaetise alkenes
(Figure 34 A-B), 3 membeed rings (Figure &d.C-D), 4 membeed rings (Figure &.E-F), and

nitriles (Figure 34 G-H). The green error bars in the figures indicsti@ndard error over the
training set compounds in each class. As is evident, the error bars are relatively large, indicating
the differences between calculated and experiment varied substantially between the individual
training set compounds, such that amemnore of the individual compounds dominate ‘the

values.

93



A Abs. Avg diff. VX B Abs. Avg diff. AHK

vap
Alkenes Alkenes
4.5 ¢ Present Study 0.45 ¢ Present Study
4.0 ¥ Previous Final % 0.40 <& Previous Final
= E
.35 w 0.35
= [u]
Y < 030
Eos ‘ E@o.zs !
E.o ‘ ‘ ‘ < p20
5 ‘ -
D15 ‘ | | ‘ ‘ T 0.15 +
< ‘ ’* = 1
10 | ‘ \ | 2 0.10 * + 4
0.5 | ! 0.05
010 0.12 0.14R’(\)4151?,__K0.18 020 022 0.10 0.12 0-14Rﬂ04:.156FK0'18 0.20 0.22
; K H K
Abs. Avg diff. V[, Abs. Avg diff. AHy,,
3-mem 3-mem Valdn.
1.0 0.9
¢ Present Study ¢ Present Study
Yk Previous Final % 0.8 Y Previous Final
=g 08 ;E~ 0.7
5 o
S < 06 *
x 06 o
> =5:§ 0.5 '
Ny
5 04 | < 04
o | =
> ‘ ‘ | T 0.3
B 0.2 | | ‘ ‘ s 0.2
| ] <0
0.1744 01794 0.1844 0.1894 0.1944 0'10‘1744 0.1794 0.1844 0.1894 0.1944
RMSFX RMSFX

Figure 3.4: Absolute average differences of selected parameter ISgt®r( molecular volume

(® ) of (A, C, E and G) and heat of vaporizatipf{( 1 &( ) for alkenes (AB) and 3
membered rings (D), 4 membered rings (E) and nitriles (&H), with green errors bars
representing standard error per group. Previ

with blue lines as their standard error.

94

(0]



Figure 3.4 continued
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Subsequent analysis focusen identifying the specific compounds that cdmited the

largest differences in thep Hap andVm properties that comprise tiiez  values. Shown in Figure

3.5 are the absolute differences\im andm Hap for the individual training set compounds for the

different LJ parameter setsg¢lected based on RMSHn general, specific compounds make the

largest contributions to the differences in the condensed phase properties. With the alkenes the

contributions to the differences are relatively well balanced with the larger contributionmsgco
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from ethene (ETHE) and-Rutene (2BTE), typically with the parameters sets with the larger
RMSH valuesThus, with the alkenes RMSHs of utility in identifying LJ sets that better balance
the contributions of individual model compounds to the divagreement with the condensed
phase propertiesn contrast, as seen from Figur® &-D, for the3 membeed rings 2,ddimethyl
oxirane (22DMOX) dominates the differencescin at lower RMSE values whilel-epoxide
(1LEOX) is responsible for the higiO  (~1.39kcalmol) difference for the full range of RMSF
values. For thd membeed rings the patterns of differences are similar to those of the alkenes,
with no individual compound systematically dominating the contributibinare is a tendendpr
ethylcyclobutane (ECBU) to make the largest contributions tovtheralues and cyclobutane
(CBU) to make larger contributions to the differences in Ry values; however, those
differences are not substantially larger than the other compound® arad dominate across the
RMSF selected parameter seks.nitriles, as seen in Figure53(G-H), 2-cyanopyridine (2CYP
liquid state) and cyclopentane carbonitrilie (CPCN) majorly contribute to dominate the large
differences inw , while 2CYP (solid state, crystal) is the major contributor to the differences in
the YO /YO properties. Of all the compounds in the training data over all groups of
compounds, 2CYP in solid state makes the largest contribution to the endifji@tence where
YO of 2CYP consistently showed a difference of 1.5 ta@/mol, while all other molecules
in that class, as well as 2CPY ftihe liquid state, showed a low absolute difference €i.®
kcal/mol.

Overall, for the different growp studied, most of the compounds made similar
contributions to th& m andg Hapdifferences and accordingly, to tiee  values used for selection
of the LJ parameter sets. However, with 8hmxembeed rings and nitriles, specific compounds

make systemtically larger differences to th@  values. This suggests the possibility that
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limitations in the experimental data may be presé&his could include problems with the
conditions under which the experimental data were obtafmdexample, the $id stateY(

andthe liquid stateY( for 2CYP were experimentally obtainedtae same temperature of

298.15 Kand latm pressuras reportedh the sameeferencewhile the melting temperature of
2CYP is 301 K2 |t is intriguing howthetwo separate properti®  andY(  wereactually
derived at the same temperature, when at 298.16ekcompounekxists in the crystallinestate.
This was also true for the validation compound3-cyanopyridine (3CYP), for which the
experimental referenceef 2!Y) is the samdnterestingly as reportedy a more recent experiment,
asin ref2% the crystals of 2CYRnd 3CYPwere obtained at 150 K due to the high instability of
the moleculse at room temperaturdf the states of these cyanopyridines were too unstable to
crystallizz at room temperature, could the earlier referencé'@dbe relied forthe optimization

of FF parametersience, such discrepancies in the properties of both suliisated inclusion

of the liquid stées of both these molecules in the training and validation set compMhds.
the solid statd/m of both 2CYP and 3CYP wermpirically calcudted at 150 K, theY( of
both molecules werempirically calculated at 298 KSimilar problems have previoysbeen
reported for Nmethyl acetamide where it was shown that MD simulations at different
temperatures were required to target wdelfined experimentaV/m and pHap pure solvent

properties>
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Figure 35 continued
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3.3.3.2Model compound, @dom type and interaction orientation contributions to RMSFX

RMSK is the ab initio QM based metric used to facilitate selection of the LJ parameter sets
introduced to account for the presence of parameter correlation. The metric, as shopvatiamg

3.1 to 3.1Qis similar to that previously used in CHARMM fortield development?®122 was
designed to take into account the balance of the LJ parameters themselves such that the interactions
between different atoms in the molecules associated with different LJ parameters being optimized
are also balanced. As ab initio data does not typically ym@denergies for van der Waals
interactions that will directly yield agreement with experimental data for condensed phase
properties due to limited treatmentdipersio®>2>’, the RMSK metric is based on the variation

of the difference between QM and MM ragas minimuninteraction energies and distances. This
allows for the interactions to all be systematically offset such that the model yields experimental
condensed phase properties. Thus, in the case of the offset being identical for all atom types and
interactions oentations (irplane linear, irplane lateral and otdf-plane) for the training set
compounds RMSFwould equal zero. In practice, this balance is never achieved, where specific
atom types and interaction orientations dominate the RM@HRie. Accordingly, analysis was
undertaken to understand the individual atom type and interaction orientation contributions to the
RMSF values.

3.3.3.2.1Contributions of /| E fif¢of eachmodel compoundto RMSFK

The initial analysis to understand the relationship between thghgse error metriBMSF and

its composite observables for both interaction energy and distances focused on the contribution of
the individual training set compounds. As depicted in equation BB is the mean of the

2 - 3 &f the training set moletes of a group2 - 3 &s the sum of the root mean square of

differences in the interaction distance ¢ ) and interaction energies-(y ),
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where K denotes the LJ set and n denotes the individual molecule (eddi@)ioEquations 3.1 to
3.8 show how and- are derived from the differences between the ab

initio interaction distances and energies, at different orientations of interactions of the optimizable

atom types wh He and Ne.
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Figure 36 continued
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Figure 36 (A,D G and J) shows the relationship between the fRBISF and its
contributing factor pemodel compoun@ - 3 &for all four groups, while Figure 8(B-C, E
F,H-1 and K-L) help understand the relationship RMSFH with the individual components of
interactioni i.e. the interaction distancés f )and energies (5 ) per molecule.
In the case of the alkenes (Figuré \-C)), ethene (ETHE) has the largest contribution at higher
RMSF¢, where both the distange _ ) and energie§ ) are higher compared
to the other three molecules. Larger contributions occur with propene (PRPE)bantené
(1BTE) at low to mierange RMSE. This suggests limitations in the treatment of the terminal CH
groupsand associated atom types describ@ below. For3 membeed rings, Figure 8.(D-F),
cyclopropane (C3) makes the highest contribution to Ri&Howed by 2,2dimethyl oxirane
(22DMOX). These two compounds dominate the distance mé€Bialso dominates
followed bymethyl cyclopropan@C3). These results again indicate challenges in the treatment
of themethyleneCH> moieties(CQ32Aatom type)2 - 3 &or the4 membeed rings (Figure 8.
G-1) showscyclobutne (CBU) to dominate, which also occurs Wity . Interestingly,
CBU makes the lowest contribution-tg; . These results again indicate an issue with the
treatment of the CHmoiety due to the distance criteria. Notably, the large contributions of the
terminal CHz moieties ofthe alkenes an8 membeed rings, respectively, ®MSF occur with
the distance term. In the nitriles (Figur® 3:L) 2 - 3 &f all molecules progressivelgycrease
with increasing RMSE, with that trend also occurring in ‘ , Where 2CY¥ and
benzonitrile (BZCN) have the highest contributions. In contrast, the values typically

decrease as RMSFincreases with cyclopentane carbonitrile (CPCN) making the largest
contribution. Thus, with the nitriles the compounds with the larger substituents make the largest
contributions to RMS Thus, most of the RMS$HRrendinfluencing molecules except for riies,
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are the simplest and smallest in their groWpBHE (for alkenes), C3 8 membeed rings) and

CBU (4 membeed rings) with the domimd contributor being the distance metricy;

To further investigate the dominant contribuBoim more detail, the individual interactions
energies and distances of the different interaction orientations of were also investigated and is

detailed below.

3.3.3.2.2Impact of interaction distances and energies as a function of orientation on

RMSFX

Absolute differences in the minimum interaction distanteg @nd energies-( ) over all the
interaction orientations with both He and Ne are shown in Figureo3.10 for all the studied
groups. The analysis is limited to the molecules aating theRMSF of each group. In general,
the outof-plane distance typically dominate the- 3 &alues and progressively increase as the
overalRMSF increasesn case of alkenes (Figurer3., E T H-&-9lang o fortboth carbon
(CQ2C1B) anchydrogen (HQ1C1B) dominated the trend, while thelang  stayed the same
or progressively decreased (Figur& B.-D). These values are larger than those obtained with
2BTE (Figure 37 E-G) supporting the observation that fitting the terminab @ibiety is more
problematic than internal CH moietidaterestingly,with ETHE trends if  directly correlate
with2 . where aradius of ~1.1 A depict balancegbiane and oubf-plane interactions for

LJ parametesets with low to midrange RMSK0.1002 to 0.1303), anareinversely correlated
withthe2  , where balanced interactions existeddeadius of ~ D to 2.1 A. As seen from

the 2D contour plots for the LJ parameters in alkenes RMiSRppendix 33, these ranges also

produced the lowest range of RMSFhis is a classic example of the parameter correlation
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problem, where the magnitudes of two atometygompensate each other to reproduce the
condensed phase properties, their gas phase properties progressively deteriorate.

As seen from Figure 8.3 membeed rings alsshoweda similar trend, where ouutf-
plane interactions of carbon (CQ3R3A) in C3 imuted the most to RMSE while fluctuating
only slightly with respect to RMSF Out-of-plane interactions involving the oxygen, OQ3C3A

atom type, where also the largest with 22DM@®¥jure 38 E-H). As senin the 2D contour plots
in Appendix 34 plotC,a2  below 2.08 A combined wita ; of 1.72i 1.74 A yielded

the lowesRMSF . These results again indicate that accurate treatment-of-plane interactions
of CH2 moieties in thé8 membeed rings is problematic (compare Fi@ B.and F) in the simplest
model compounds. In addition, the @nftplane differences of the GHmoieties with the3
membeed rings are larger than those with #themembeed rings (see below) suggesting a
contribution of the strained nature of tRemembeed rings on their vdW interactions with the
environment.

For4 membeed rings the fluctuating trend BMSF¢,2 - 3 &nd ; \ correlated
with the higher irplane (linear and lateral) interaction distaddérenceqFig. 39). The largest
contribution was fronCBU, while other members such as OXTN and ECBU also contributed to
this trend.This contras both the alkenes ar®l membeed ring groups, where the eof-plane
interactions made the largest contributions to RKISFhis is consistent with a fundamental
difference in the nature of the vdW interactions of the different classes of molecules, as note in the
previous paragrapfThe sp2 hybridization of the carbons in the alkenes and wit tieembeed
rings due to their strained nature, as previously discif§&&8appears to contribute to this versus

the sp3 character of tHemembeed ring carbons.
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In nitriles, the highest contribution to RMSEame fromi ‘ of 2CYP due to

both inplane and oubf-plane interactions of He and Ne with both carbon and nitrogen atom types
(Figure 3.10). Note that there is only one possible type-pfane interaction possible for nitrile
carbon (CQ1N1) duéo the spl hybridization state, which isplanelateral. Since CQ1NL1 is
adjacent to the nitrile nitrogen (NQ2C1) and the system being conjugated leads to considerable
contributions from the nitrogen lone pair to the vdW character of the carbon. ThenN at
contributes some of the largest difference to the distance terms especially at largénRMES:
Interesting this occurs with both the aftplane and irplane linear interaction for acetonitrile
while the differences in much larger with theplare linear interactions in 2CYRndicating
substantial contribution of conjugation of the nitrile with the aromatic ring to the vdW surface of
the molecule. This is also an example of the limitations of the sphericala®ed LJ model used
to treat conjugted systems in empirical force fields.

From this analysiseveral general observations may be matel.J parametesets with
low to mid-range RMSE generally yield balanced g@hase behavidor the different interaction
orientations. At the large R&F values, the difference in the distance related terms tend to make
larger contributions, a result that could indicate limitations with the use of the LJ energy function
to treat vdW interactions due to tHénepulsive term, as discussed in previousligts?* 86 115 261
263 Notably, the use of rare gases to monitor local details of vdW interactions will be of use for
investigating the use of alternate functiongréat vdW interactions, including the possibility of
nonspherical functions. Finally, the preseamalysis indicates that specific molecules in the
training and validation sets are difficult to fit. There could be several sources of such difficulties.
In the present study a subset of compounds in each of the studied, graaps alkenes, includes

a heteroatom, which could make obtaining agreement with experimental data challenging, even
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with specific atom types for those atoms being included in the fitting. Alternatively, there could
be a lack of clarity of the experimental conditions that make ditentparisons between
calculations and experiment even complex. Finally, the possibility that the experiments are
incorrect cannot be totally excluded. All these issues represent aspects that point to the challenge

of performing optimization of models tcetat vdW interactions in empirical force fields.
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Figure 3.7: Bar chartsshowingdistance and energy contributions frofmethene (ETHE) and-2

butene (2BTEjo RMSF of alkenes
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Figure 3.8: Bar charts showing distance and energy contributions from cyclopropane (C3) and
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Figure 3.10: Bar charts showing distance and energy contributions from of acetonitrile (ACN)

and 2cyanopyridine (2CYP)o RMSF of nitriles.
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3.3.4Selection of improved LJ parameter set for the compoundroups

As the present study included analysis of the full top 100,d0f@arameter sets selected for each

compound group based in tie term, we reconsidered selection of the final parameters sets for
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future use in the Drude force fieldigure 34 above includes results for the previously chosen LJ
parameter seté\s described in Chapter 2, these sets were chosen based on lowe$t \RIWMSF

from a subsample chosen from the top 100,000 LJ sets generated frorr@uagesampling, with

the subsample selected from clustering based on specific ranges of LJ parametgreséht

study extended the RMSRnalysis to all of the top 100,000 LJ parameters sets selected based on
theQ metric for each class of compounds.may been seen in Figuré e previously chosen

final parameters belonged to the low to rrasige RMSE valuesand theifQ  values were not
necessarily lowest in the entire 100,000 sets.

To determine if improved parameters could be identified, the subset of LJ parangeter set
presented in Table 3.2 were applied to the validation set compounds. Presented inZTaiele 3.
the’Q ,empresults for all the new LJ sets along with that from the initial set selected from the
previous studyfor the validation set compound&/e dhose theQ  metric as it accounts for the
ability of the parameters to treat both g andaHvap /ae Hub properties using the previously
described weighting schenia.addition,the table include the RM$Eata along with the specific
LJ parameters and’Y | . With the alkeneghe initial sethavethe topQ values with the
RMSF value being in the low range although not the lowest of the testedThétsset will
currently be maintained as the LJ parameter set for the alkenes. Two improved sets are identified
based ofQ  for the3 membeed rings. One set, 56891, shows a significant improvemént in
with a degradation of RMS$Hrom 0.1804to 0.1871. This set was selected as the top current set
given thesignificantimprovement inQ  versus set 2868 which has improved RN$ft a
poorerQ . With the4 membeed rings a significant improvement@ from 9.01 to 6.79 and
6.85was achievedthus, the corresponding seB5333, was selected as the current final LJ set

given the substantial improvement in the RNMi®ker 23040andthe initial. With the nitriles, the
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initial set was notably better than any of the new sets baseatlv2b and RMSI values, such
that it will be maintained as the LJ parameter set for the nitriles.

Table 3.3: LJ parametersy  £mpirical and RMSFK values for the validation set compounds
for alkenes3 membeed rings4 membeed rings, and nitriles for the final selected LJ parameter
sets *RMSFX denotes the RMSF of the corresponding set calculated from the training set

molecules
Alkenes Validation Set
aE A A aE A A "7-\"E A A AE A A
Set U oy U Upor ; o RMSFE
R R B O I S NS L N EEEEL B
-1 -1 -1
(kcal mol'YA) (kcal mol'YA) (kcal mol'YA) (kcal mol/A)

5903 | -0.0290/1.3141 | -0.0390/1.1074 | -0.0628/2.0425| -0.0740/2.1671 9.7575 0.1002

1 -0.0329/1.1163 | -0.0370/1.0809 | -0.0564/2.2253| -0.0740/2.1207 10.8600 0.1203
Initial | -0.0371/1.1070 | -0.0375/1.3388 | -0.0676/2.2680 | -0.0649/2.0542 8.5775 0.1243
1514 | .0.0309/1.0508 | -0.0374/1.3906 | -0.0584/2.1878| -0.0650/1.9701 9.8225 0.1759
4629

0 -0.0371/1.0493 | -0.0376/1.3907 | -0.0636/2.3425| -0.0641/1.8003 13.1300 0.2202

3 membered Rings Validation Set

Set 'i'A"E r']miﬁA'i'Eﬁh A 'i‘E"E ‘A;r;‘}E'i'Eﬁ A A - DEF':.J RMSE

ID (kcal molYA) (kcal molYA) "' K
4666

A -0.0766/2.0731 -0.0817/1.7190 11.6925 0.1744
Initial -0.0778/2.0719 -0.0711/1.7003 11.6725 0.1804
2868 -0.0771/2.0738 -0.0663/1.6591 11.1500 0.1807
6903 -0.0817/2.1344 -0.0736/1.6285 11.0475 0.1849
5689

1 -0.0803/2.1247 -0.0757/1.6422 10.5700 0.1871
2222

3 -0.0798/2.1132 -0.0666/1.6273 12.2050 0.1955

4 membered Rings Validation Set

Set 'iA"E nmﬁAlEﬁn A ‘i‘E"E 'AI;‘}E;EE A ) ) . RMSE

ID (kcal molYA) (kcal molYA) W Faoate® o«
3533

3 -0.0908/1.8247 -0.1027/1.7798 6.8500 0.1333

8 -0.1093/1.7215 -0.0999/1.6804 8.5800 0.1433
Initial -0.1040/ 1.7529 -0.1035/ 1.6663 9.0100 0.1447
1961 -0.1037/1.7744 -0.0940/1.6704 9.6100 0.1494
2304

0 -0.0784/1.9313 -0.1022/1.6674 6.7900 0.1517
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Table3.3 continued

Table 3.3 LJ parametersy  £mpirical and RMSFK values for the validation set compounds

for alkenes, 3 membered rings, 4 membered rings, and nitriles for the final selected LJ parameter
sets *RMSFX denotes the RMSF of the corresponding set calculated from the training set
molecules

Nitriles Validation Set
t AE B AE E EE A EE A
?E? (kcal rigi-lllﬁ\h) (kcal zgi-ll/ﬁt) W ok ta®) RMSFE
Initial -0.2125/1.6478 -0.2198/1.8392 6.6575 0.0844
31 -0.2042/1.7199 -0.2157/1.8237 9.2247 0.0893
21270 -0.1373/2.0353 -0.1838/1.6102 7.7008 0.1148
98532 -0.1784/2.1265 -0.1552/1.5325 6.9869 0.1548

The contributions of th¥m andg Hap terms for the different LJ parameters satsuded
in Table 32 are shown in Figure B1. The initial set with the alkenegvesimprovedVm values
though the new sets have improwpddap values(Table 3.2 andrigure 3.11 AB). The opposite
occurs with the8 membeed rings where the new sets have improvedsalues wile sacrificing
P Hap (Table 3.2 andrigure 3.11 D). With the4 membeed rings there is both improvememid
degradation with the agreement in Mg values, though thep Hap values are systematically in
better agreement with experiment with the new patar setgTable 3.2 andrigure 3.11 EF).
And with the nitriles the initial parameters give substantially battevalues with thegp Hap
results being similar for all the parameters $€tble 3.2 and Figure 3.11-K). While improved
LJ parameters sets have been identified, they do not show clear improvements for all the condensed

phase properties.
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Figure 3.11: Absolute average differences of validation sets of selqueameter sets (K) for
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Figure 3.11 continued
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Figure 3.11 Absolute average differences of validation setsedécted parameter sets (i
molecular volumed ) of ( A, C, E and G) and heat of vaporizati&fid ) (B, D, F and H) for
alkenes3 membeed rings4 membeed rings and nitrilesError bars in green show standard error
over training molecws.The red stars indicate results from previously chosen final paranreters
Chapter 2, and tleblue bars indicatéheir standard error within the group.

The final analysis involved the contribution of individual validation set molecules to the
absolute average differences for i@ and g Hap results. As seem Figure 3.12(previously
chosen satdenoted by magenta boxegpecific compounds still have lstantially poorer

agreement with the experimental daigclohexene is particularly problematic with the alkenes;

this molecule also gave poor agreement with the hydration free energies in the previous study.
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Note that the variations in the absolute dd#fecesof Vm of cyclohexene is consistently higher for
all sets,except at the lowest RM8Ralue of 0.1002wherethe absolute difference is consistent
with those of other validation set alker{Eggure 3.12 A) On the other handhe changes it Hap
consistently remaigsimilaras the previously chosen set (Figure 3.12Rgept 3hexene (3HEX),
which had a higher difference in the previously choserFsetthe3 membeed rings, the trends
of contribution remained comparable forost molecules, some molecules also have slightly
improved quality ofVm. In case of4 membeed rings,Vm of cyclobutanol (CBOL) makes the
highestcontribution to the overaly | - &+« sasdepicted in Table 3.2 and Figure 3.12véhere
the initial chosen parameter set had a slightly lower variatimle the difference imp Hap Of
CBOL for thepreviously chosen setas lower thamewly testedets, thep Hapof other molecules
washigher.

Hence, the sets tested in this present stbdye amore balancedrepresentation of the
experimental thermodynamic propertiesspecially thosdor LJ sets withlow to midrange
RMSK. Similar to CHXE of alkenesVm of cyclohexane carbonitrile (CHXC) had the highest
contribution in theg Ly -a+«6lable 3.2), and as seenom Figure 3.12 G where the
contributions from all molecules remained consistent for all LI Bkis.once again highlights the
probalke contributions coming from the GHgroups of molecules like cyclohexene and
cyclohexane carbonitrile as discussed above.

Overall,while the properties of all training and validation set moledaealkenes and
nitriles remained mostly consistent, thare better parameter sets identified for 3 4and
membeed ring compound#\dditionally, the present study also delineated the contributing

factors forboth the metric§® i for condensed phased RMSK i for gasphase properties
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Figure3.12 conitnued
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all four groups alkene membeed rings,4 membeed rings and nitrilesThe sek enclosed in
dotted magenta boxes indicated the previously chb3eets.

3.4 Conclusion

Optimization of the LJ parameteis one of the most challenging aspgedf empirical FF
development whichmust be optimized based anultiple molecules sharing the chemical
functionality but with decentthemical variability Such a process thb&comes the subject of the
Afcurse of @i mberseonat i &gs atonitypesimbkesthe problereen o f t
more complex. To overcome such challenges, we developedrend utilizing Latin Hypercube
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Design (LHD) to sample a wide range of hdrameterand harnessing DNN tearn the non
linear relationships between the input LJ parameters and the output thermodynamic properties of
the training set molecules. Once trained, the maslelsed for a high throughput prediction of
thermodynamic mperties of 10 million sets. Scanning a huge range of paranoétersomplex
multidimensional spaamade evidenthe problem of parameter correlatibmearlier studies, such

a problemwhere distinct sets of parameters ysekimilar thermodynamics propees was
resolved utilizing both gaghase and¢ondensegbhaseproperties to select the final parameters.
Thus,to overcome such a problem, the final parameters were chosen bds#t gasphase and
included inthis selection.While the chosen sets showed considerable transferability to the
validation set compounds, it was not clear if pa@ametecorrelation problem was still limiting

the quality of the validation set compound$erefore, ® understand the problem of paraeret
correlation and in anticipation of finding better parameteses,extended the worlletailed in
Chapter 2 and ref09 andexpandedthe final selection process to the entire 100,000 LJ Fets.
investigate the correlation between the two observg@les for the condensed phase d@RBISF

for the gagphase we selected +16 sets with lowQ in every range oRMSH of the top
100,000 sets and subjected them to {smigent/crystal simulations. Furthermore, thst was also
extended to the validan set molecules by choosing43selected parameters from sbel116

sets.

From thisanalysis we observedhat theproblem of parameter correlation is inevitable
when scanning a large rangelLJ parameter sets, especially when the training set is composed of
molecules with varying chemicabnnectivity However, it is possible to obtain a balanced set of
parameters bghoosing setom low to midrange RMSE, along with lowest possib@  from

such range$oing so ensures most optimal quality of parametérish are balanced in both gas
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phase and condensed phasepresentingach individual molecule as wedlpresenting the entire
functional groupSinceour earlier selection was already based on suxltexion we confirmed

that the quality of th@arameters we already chose were optimal for all training set compounds
and that their transferabilitg ialsocomparable to the best sets tested through this dtolyeve

slightly better parameters were identified Bomembeed and4 membeed ring compounds.

Overall, such a study highlighted the robustnege@fmethod developed in Chapter 2 and
ref 109 and affirms that despite the observation of the paracwteiation problem, this
approach yielded us the best possible parameter sets for small mole¢h&e®rude Polarizable
Force FieldHence, as an additional stepe irocess of LJ optimization in the FF sheghiply the
RMSF based evaluations to the best 100,000 LJ sets and follow the evaluation propesges
in this chapterAs a proof of concept, we shall apply this complete methad&w groupalkynes,

in Chapter 4
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Chapter 4Optimization of Lennardones Parameters falkynes in

Drude Polarizable Force Field

4.1 Introduction

Significant transformations in the field of information technology and increased growth of
computer hardware have ushered a new era of drug and material design with an increased
utilization of computesimulation methods such as Molecular Dynamics (MD) and Monte Carlo
(MC). Computer simulations techniques such as these helps simulate and visualize important
molecular events such as protein folding, nucleic acid folding, DNA/RNA-tigapéng, ion

channel opening/closing, peneability of small molecules through bimembranes, Hsilico
synthetic routes for chemical compounds, binding of drugs to biomolecular targets;séicoln
studies such as these often act as one of the major drivers of a sdigptticesis in biomolecular,

drug, or material design studies. However, the accuracy of such simulations is dependent on the
guality of the underlying force fields. A set of potential energy functions and their constituent
parameters that describe the gyenf a system as a function of its atomic coordinates are known

as force fields (FF). Examples of some widely applied force fields in@&tReRMM (Chemistry

at HARvard Macromolecular Mechani&AMBER (Assisted Model Building with Energy
Refinementf, GROMOS(GROningen MOlecular Simulatiofy,OPLS(Optimized Potentials for

Liquid Simulations):* MMFF (Merck molecular force field)? etc.Force fields such as these have
majorly contributed to the process of drug and material design through decades and are mostly
additive in nature. Additive FF use fixed partial charges to describe the electrostatics of a system.
Although sich FFs have contributed enormously to the field &flico design, the lack of explicit
polarization limits their ability to capture the electronic changes in a system associated with
changes in its electronic environmeAn extension osuch FB is the polarizable form of F¥-

122



which includes an explicit treatment of polarizatidaxamples of polarizable FF include
CHARMMGés Drude P obhsad onztheb Drede ®sEillator modfs: 1o178
AMOEBA,*% %2 AMBER®! and OPLS/PFE®i all based ortheinduced dipole modef'®: 52 189
192 yniversal Force Field (UFF), force fields developedBayne, Friesner, and amorkers,*” 48

% and the CHARMM fluctuating charge force fieltl,/*i all based on the fluctuating charge
model.

The explicit treatment of polarization via the polarizable FFs have shown improved accuracy
in capturing multiple macromolecular events such psotein folding and structure reément of
intrinsically disordered proteir§,base flipping®® conformational sensitivity of nucleic acid to
different types ofons>* distribution of ions around DNA duplexéSmproved modelling of RNA
hairpins?®’ accurate representation tife electrostatic potential of membrane systetfsand
binding free energy in hogjuest system®

CHARMMG6s Drude Polarizable FF i s cowerspradeins, h pol
nucleic acids, lipids, carbohydrates, atomic jargl a limited set of small molecules representing
druglike small organic molecules includinglkanes® alkenes*? alcohols!?® ethers?
aromatics'®* N-containing aromatic heterocyclit® amides® sulfur containing compound§
andhalogenated aliphatic and aromatic compouid® Given the enormous nature of chemical
space, expansion of the small molecular FF for the DRalarizable FF is required, and will
broaden its applicability to drug and materials design as well in quantum mechanical/molecular
mechanical (QM/MM) studie€* Concerning these efforts have recently been made to expand the
coverage of small molecules by the Drude Polarizable FF. This includes efforts towards automated
prediction of the electrostatic paraimes°4 147optimization of the Lennardones (LJ) parameters

to expand the coverage to more chemical functiondftfies'® and development of a FF
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parametrization toolkit, FFParam, that can facilitate optimization of CHARMMS36 additive and
Drude parameter¥.

However, the expansion of the small molecule FF of Drude FF is an ongoing process and
requires a sstematic optimization of the LJ parameters of newer atom types as described in ref
109 Chapter 2 and Chapter 3.

In CHARMM FFs, the notbonded van der Waals (vdW) interactions, are represented by the

LJ formalism, as shown in equation 4.1, which inclutiesLJ well depth; , and thedistanceat

which the LJ energpetween the two atoms i andgsja minimum,)Y .

Y B - h C i Equation4.1

CHARMM atom types are based on their element type, chemical connectivity, hybridization
state, bond order, type of bonded neighboring atom, number of bonded hydrogen atoms, etc. Such
atom types thus define the chemicadl sunysical behavior of the moleculasd the optimization
of their parameter must include experimental condensed phase thermodynamic properties of not
one but multiple molecules.

Optimization of the LJ parameters is one of the most challenging aspenipaical FF
optimization, that suffers from the Acurse of
parameters-( and’Y ) and multiple molecules. In ref 109 and Chapter 2, we developed a
systematic and higthroughput approach thatilized sampling power of Latin Hypercube Design
(LHD)!*® and the predictive abilities of Deep Neural Network (DRRIYo overcome such
challenges. The study was performed using 4 different chemical classes of compounds including

alkenes3 membeed rings4 membeed rings and nitriles. The model was trained by using LHD
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sampled LJ parameters of systematy selected atom types as inputs and thermodynamic
properties such as molecular volumén), enthalpy of vaporizationsdHvap) and enthalpy of
sublimation g Huw) as the outputs. Once trainethie model was used for the prediction of
thermodynamic properties for 10 million sets of LJ parameters, which were sorted using a
weighted error functior(Q ) based on the differences of the predicted pure solvent/crystal
properties with their respéve experimental values. As a testament of the appropriate molecular
behavior in the gas phase;ialtio interactions of the molecules with rare gases were also included

in the final selection process. After this, the quality of the final parametees cgefirmed by

testing the thermodynamic properties of external validation set compounds, hydration free energy
and dielectric constant of the training and validation set compounds. Although the final set of
parameters in ref 109 and chapter 2 showed adeguepresentation of the thermodynamic
properties along with transferability to the validation set compounds, the selection was based only
on a small subset of the top 100,000 LJ sets predicted by the DNN model. Additionally, the classic
problem of paranter-correlation was also observyeghere distinct sets of parameters seemed to
reproduce the experimental thermodynamic properties equally well.

In chapter 3, we expanded the selection process to the entire set of 100,000 LJ parameter sets
for the same for classes of compounds, for two reasons: a) to investigate if the parameter
correlation problem was inevitable when sampling a large LJ parameter space and b) to examine
if the selected parameters were adequate enough to represent the properties tinibhedop
functional groups. Through Chapter 3 we confirmed that the problem of paraioetdation is
inevitable, we found sligthly better LJ parameters for two out of the four grou@smesnbeed

rings andd membeed rings while those for alkenes amariles remained the samehis further
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confirmed that the amitio based selection of the final parameters must be applied to the entire
set of top 100,000 LJ sets predicted by the DNN model.

In this chapter, we will apply the method developed in @rap along with the selection
process as updated in Chapter 3 to a newer gralifynes, including three atom types CQ1C1A
T internal alkyne carbon, CQ1C1Bterminal alkyne carbon and HQ1CIBterminal alkyne
hydrogen.
4.2 Methods

4.2.1Electrostatic and bonded parameter optimization

Prior to the optimization of the LJ parameters, it is important to optimize the electrostatic and
bonded parameters of the model compounds. For this, the optimization protocol for CHARMM
Drude polarizable Ffs outlined in Chapter 2 was followedlll ab initio calculationsexcept
vibrational analysisvere performed using Pst#1°3 and the molecular mechaniazlculations

were performed using CHARMRMwhile FFPararft was used as the optimization tool. For the
QM vibrational analysis, the Gaussian QM packayaas used while M@LVIB module of
CHARMM was used for the MM vibrational analysf.

There are three electrostatic parameters in the Drude FF that require optimizatraal
atomic charges (qgq), atomic plelfaeorst®Aafirst, ithet i es
geometry of each model compound was optimizetMiR2/6-31G(d) model chemistrgnd the
resulting geometry was used fturther calculations. The initial electrostatic parameters were
predicted by the recently developed DNN model for electrostatic parartfétafter this, the
guality of these parameters were tested by comparison of the model corwatenaninimum
interaction energies and distances calculated aMiR2/cc-pVQZ model chemistryusing the

counterpoise method to perfornethasisset superposition error (BSSE) correctféfin addition,
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the Thole scale factors from the DNN model were further optimized targetinghdaheular
polarizabilities Furthermore, to ensure the quality of the overall electrostatic parameters, the
molecular dipole moment, its component dipole moment vectors, molecular polarizability, and its
component polarizability tensors were also comparigid QM values, wherdP2/Sadlejmodel
chemistry was used for the calculatiorabfinitio molecular dipoles and polarizabilities.

The bonded optimization included fitting of the alkynes bond, angle and dihedral parameters. As
illustrated in Chapter 2, #initial bonded parameters were predicted using drouse adaptation

of the CHARMM General Force Field (CGenFF) progrdm®Next, these parameters were then
fitted to optimize the agreement of thetential energy surfaces (PES) with the respective QM
(MP2/augcc-pVDZ) PES Additionally, the optimized bonded parameters were furtbprséed

to reproduce QM vibrational spectra calculated at the MP2¢ayny/DZ model chemistry, where

the QM vibrational frequencies were scaled by a factor of 0.8%8@nce the final LJ parameters
were selected, as described below, both electrostatic and bonded parameters of all training and
validation set compounds wereaealuated to adjust to the changes associated with the new LJ

parameters.

4.2.2Pure sdvent MD simulations

As described in ref 109, Chapter 2 and 3, the neat liquid boxes of alkynes were prepared with 216
molecules of the individual compounds, placed at equal distances of 6 A in each direction. The
boxes were created in the CHARMM additi#&, wherethe liquid box was heated to their
experimental temperatur¢dppendix 37)for 100 ps in the NVT ensemble, followed by 400 ps
NPT equilibrationusing a leajfrog integrator and a timestep of 1 fs with CHARMM MD engine.

The 1 fs timestep for theedditive FF was used to facilitate equilibration of the initial configurations

and for comparison with the Drude FF. The equilibrated box was then transferred to NAMD, where
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it was further equilibrated for 3 ns, of which the last 2.5 ns were utilizecegsrdiauction run.

The last frame, 3 ns, of the additive box was used for system preparation in the Drude FF, where
Drude patrticles were added to the fioidrogen atoms of the moleculasda mass of 0.4 amu

was transferred to the Drude patrticles from the@l atomsAdditionally, lone pairs weradded

as required to the hydrogéond acceptor atom3his was followed by ateepestlecent (SD)
minimization for 200 stept relax the Drude particles, while the corresponding real ateens
restrained using a harmonic force constant &f(k6almol)/A2. This process was followed by
another round of minimizatiowhere all particles were allowed to relax using SD for another 500

steps.

The liquid boxes using the Drude FF were then equililratethe experimental temperatures
(Appendix 37),1 atm pressure with a 1 fs timestep, in the NVT ensemble for 1G6ljasved by

a 400 psquilibration in the NPT ensembhth CHARMM as the MD enginand usingvelocity
Verlet integrator (VV2) implemertl in CHARMM. The VV2 integrator is implemented for
approximation of theself consistent field (SCFyondition of the Drude particles through an
extended Lagrangian dual thermostat formdifsthat includes a separate low temperature
thermostat of 1 K for the Drude patrticles.

After the systems were prepared and equilibrated in CHARMM, the trajectories were
transferred to NAMD and was run for a further B ns, depending on tlemnvergence of each
individual system production run. Calculations of thermodynamic properties of the molecules
involvedcondensed phase and gdsase analysis performed in CHARMas detailed in ref 109

and Chapter 2.
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4.2.3Hydration Free Energy

For thehydration free energy (HFE) calculatigide ng and Roux6s StYaiged i n
alchemical free energy perturbation (FER)implemented in CHARMM, was us&d: 218While

the details of the staged simulation protocol is described in ref 109 and Chapter 2, an equilibrated
box composed of a single molecule as the solute and5s28d4-NDP water moleculeas the

solvent was used. This box was at first equilibrated fos irCHARMM using thecondensed

phase MD protocol as described aboMee equilibrated box was then used for the calculation of

the HFE, byannihilating the solute in vacuuand water,with changes in the free energy computed
through the FEP methotihe owerall length of the simulations was 500 ps equilibration and 3 ns
production, to allow convergence of all molecules in the group. As described in ref 109 and
Chapter 2, at first the simulation of two different alky(@epyne and pentyne)were performed

in triplicates for 3 nsThe reported standard deviation for the group was bas#tkeaverage of

three individual sets of simulatiorigr these two compoundall other molecules of the group

were then subjected to a single seEBP smulation using the same length of production asn
determined for these compounds

4.2.4Deep Learning model development

4.2.4.1Data preparation

The preparation of the training data for alkynes was similar to the alkenes, as described in ref 109
and Chapter ZThe traning set data for the DL model included the LJ parameteendY

of the targeted atom types for the molecules in eachssktatures, and the MD calculated pure
solvent propertied/m and Hapthat were used as the output labels. Falhgyselection of a range

of LJ parameters to be sampled LHD was used for generating a subset of LJ parameters for the

atom types undergoing LJ optimization. These parameters were then used for the empirical
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calculation of the pursolvent propertie¥ m andm Hap with the resulting MD empiricalata used

as the training data for the DNN model.

4.2.4.2Hyperparameter tuning

The hyperparameter tuning for alkynes LJ model was performed to ensure that the earlier used

hyperparameters fit the newer group equally welk a&d for alkenes, 3 and membeed rings
and nitriles and are shown in Table 4.1. A fully connected-feedard Deep Neural Network
(DNN) was used to develop the DL model for alkynes. The tuning was implemented through the

GridSearchCV library of Scikearr??® and regression model from Kef&8 where the metric of

the eval

hyperparameters included a learning rate of 0.005, with Swish as the activation function, 2 hidden

layers with the number of input nesl equal to the number of input parameters. In the case of

uati on

was

alkynes the number of input nodes were 6 &énd’Y

CQ1C1B and HQ1C1B), while the number of output nodes were equal to the number of output
propertes, i.e. 8¥Yma n d vagfDiH4 different molecules).

Table 4.1: Hyperparameters used for model optimization

h

A n &ith &-fold eress valeationThe finalized e d

for 3 different atom types CQ1C1A,

Hyperparameter

Range of values

Final Hyperparameter

Number of hidden layers

2,3,4,6,8,10

2

Number of nodes in each lay

2,4,6,8,10,12,14

Number of outpul
thermodynamic properties

Learning Rate

0.1,0.05,0.005,0.001

0.005

Batch Size

2,4,6,8,10

6

Activation function

RelLU, Swish

Swish

4.2.4.3Training and evaluation of the DL model

After the hyperparameters of the DNN architecture were finalized, the alkyne LJ model was trained

by using- and’Y
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labels.As described above, each model was a feaddrd DNN comprised of two hidden, fully

connected layers utilizing Swish as the activation fundbothe hidden layers, whilgith a linear

activation function used for the output layer. The loss function was optimized using Adaptive

MomentEstimator (Adan??® with theEarly stopping method used to limit the number of epochs

and to avoid overfitting of the data, using a patience value of?28@ described earlier, &fold

cross validation was usgdith 80% of the data chosen to train the DL model and 20% utilized in

testing the accacy of the model, where tregreemenbetween thexperimental values to the

predicted values was evaluated to confirm the performance of the model at the end of training.

Additionally, the reliability of the DNN predictions during Bref®rce sampling wer also

evaluated by comparing the predictions with empirical values for 25 different sets chosen from the

10 million sets generated in that step, as also described in ref 109 and Chapter 2.

4.2 5Error functions

As described in ref 109 and Chapter 2, two erretrits were utilized in the method for a high

throughput optimization of the LJ parameters developed to overcome the most typical challenges

of LJ optimization process. These error metrics were for evaluating the LJ sets based on the

condensegbhase propéies (Q ) and gasphase properties (RMSF These error metrics are
described in detail in Chapter 2 (equation 2.2 to 2.®for and equations 2.6 to 2.14 for RMSF
While Q is based on the weighted absolute differences of the empaieaperimental/m and
P Hap, RMSF is based on the ragascompound interaction differences in QM and MM. As
detailed in Chapters 2 and 3, while the method @sesf or t he sel ecti on
during training and Brut&orce Sampling, ®th'Q and RMSE are used for selection of the

final set.
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4.2.7 Selection of the final parameters

4.2.7.1Sampling of 10 million LJ parameter sets through BruteForce Sampling

Brute-Force sampling is the first step in the selection process of the LJ paragtetdilzing the

DNN model to predict the empirical thermodynamic properties of 10 million parameter sets. As
described earlier in ref 109 and Chapteth2,top 100,00LJ parametesets were selected using

the Q  function and subjected to furtheb-mitio based evaluation. The ranges of the LJ
parameters scanned for alkynes during the Bfotee sampling was same as the range of LJ

parameters used in training its DNN model.

4.2.7.2Ab initio rare gas-model compound interaction based RMSFE evaluation of the top
100,000 LJ sets

Once the top 100,000 LJ parameter sets were selected from the=BrageSampling step, all
these sets were subjected to ariratio based model compousrdre gas interaction evaluation.

For this, the QM rare gavodel compound interactions were performed atNi2/ccpVQZ

model chemistryith BSSE correction, using counterpoise metffSgherfomed with Psi4 QM
package> 153 Next, the MM raregas interactions were performed on all 100,000 L) sethree
interaction orientationgn-plane linear (0° from plane of target atom)piane lateral (90° in

plane of the target atom), and aiftplane (90° oubf-plane of the target atomak per feasibility.

As the next step RMS$Fvalue was used as tla-initio based error metric to evaluate the -gas
phase properties of these sets. As described in equations 2.1 to 2.10 of Chapter 2 and equations 3.1
to 3.10 of Chapter 3, the RMSHKs based on the root mean squared fluctuation (RMSF) of the
absolute diférences in the interaction distances and interaction energies between QM and MM

values, where K indicates each set of LJ parameters. After the 'RidS&ll 100,000 sets were
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calculated, the LJ sets with the b&st valuesfrom equivalent ranges of\BSF¢ were selected

to evaluate the properties of the training set alkynes.

4.2.7.3Selection of Penultimate LJ Parameter Sets for Condensed Phase Evaluation

As described in Chapter 3, the selection of the final LJ parameter set should be based orn both gas
phaseand condensed phase evaluation. While a lower RiWale indicates optimal behavior in

the gagphase, thé value indicates quality of the DNN predicted condersealse behavior
compared to their respective experimental values. Although, the tedi@ic is a good estimator

of the quality of the empirical condensplase behavior, it is essential to calculate the actual
empirical properties before finalizing such parameters. Thus, three different sets were chosen for
the selection of the finaleti 1.) set with leas®  2.) set with least RMSFand 3.) set witff

and RMSE intermediate between sets 1 and 2. The selections are shown in Table 4.2 and were
used for the empirical calculation @f and Hap of the training set compounds to confirm their

condensegbhase suitability and validation set compound to test their transferability.

Table 4.2: LJ parameter sets chosen for the selection of final LJ parenietelkynes.

Alkynes
et D 'i'A"E A A r,]'i"A'i’Eﬁ A r F el nr h F T Foro A7 il%,h,l F RMSEX
© (kealmol®) | (A) | (kcalmol®)| (A) | (kcalmol) | (A) W Fr
96181 | -0.1895 | 1.6425| -0.1112 | 1.9893 | 1.0992 | -0.0721| 2.71 | 0.0418
9407 | -0.1861 | 1.6382 | -0.1023 | 1.9548 | 1.1092 | -0.0714| 2.35 | 0.0486
0 01822 | 16754 | -0.0991 | 1.9427 | 1.0985 | -0.0729| 1.99 | 0.0516

4.2.8Validation of the final parameters

Once the 3 LJ parameters sets were selected, theysulgjected to the evaluation thfe pure
solvent properties for both training and validatsg compounds. Based on their performances in
the puresolvent properties, the best final LJ set was then selected. The final set was then further

validated througlthe evaluation aothe HFE and dielectric constants of both training and validation
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set compounds (subjected to the availability of the experimental data). Once the final LJ
parameters were validated, the electrostatic and bonded parameters were reaatuatidsted
to the changes in the LJ parameters of the present set. Figures and tables describing the final

properties associated with these parameters are praasdédpendix 8 and 3.

4.3 Results and Discussion

LJ optimization is one of the moshallenging steps in the optimization of empirical FFs. To
overcome these challenges, we developed a method utilizing the sampling power of LHD,
concerted with the predictive power of DNN to train models that can predict the empirical
thermodynamic propees of the training set compounds. The developed models were then used
for the prediction oempirical thermodynamic properties from 10 million datasets, of which best
100,000 LJ sets were chosen using a weighted error furi@tion These 100,000 Lkt were

then subjected to evaluation of their gdmse properties by comparing the rgascompound
interaction with those in QM, by using another error function RM3Fhile Q  ensures the
quality of the parameters in condensed phR3SH ensues their gaphase behavior, where

both the error metrics are used for the selection of the final LJ parameter set. Furthermore, the
developed method also tests the transferability of the selected parameters on validation set
compounds and evaluates thefpamance of the LJ parameter set by evaluating additional
condensegbhase properties such as hydration free energy (HFE) and dielectric constant.

In Chapter 2 and ref 109, we applied the developed method to four different chemicaliclasses
alkenes3 menbered rings,4 membeed rings and nitriles. We updated the parameter selection
process in Chapter 3 by extending the evaluation of thelyase behavior to all 100,000 LJ

parameter sets. In this chapter, we will apply the developed method to alkynesgtiande the
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LJ parameters for three different alkyne atom types: CQ1C1A, CQ1C1B and HQ1C1B. The

training and validation set compounds are showkigare 4.1.

Alkynes
Training Set Validation Set
|
|
CQ1C1B CQ1C1B CQ1C1B
HQ1C1B Ha1c1g_ CQICTA : HQ1C1B COICIA
=— —_— I %cm C1A N
Ethyne Propyne | \/\ \
(ETHY) (PRPY)
| 1-pentyne 2-pentyne
: (1PTY) (2PTY)
CQ1C1B :
HQ1C1§CQ1C1A I
N I CQICIB
1-Butyne I HQ1C1B CQ1C1A
(1BTY) I S el G
|
| 1-Hexyne 2-hexyne
|
2-Butyne | CQI1C1A
(2BTY) | >
| Z
: 3-hexyne
I (3HXY)

Figure 4.1: Structures and atom types of triag and validation set alkynes used for the study.

4.3.1DL model development

As described in Chapter 2 and ref 109, DL model development is an iterative process that starts
with selection of the initial LJ parameters, which are then utilized for the calculatiche
empirical ther modyn aghiséand ¥ndBpsed oh theeegaluationofitheses aH
empirical properties generated from the initial parameters, a range of LJ parameters is then defined.

If the initial properties of most training set laoules are close to their respective experimental
values, a LJ space is created around this initial value by choosing a range of the LJ parameters that

encompass the range of parameters initially tektéD.is used to sample evenly spaced sets from
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this defined LJ space which are used for the calculation of the empirical properties using MD
simulations. Such a process of scanning the LJ parameters is iterative and requires multiple rounds
of scans to choose a range that fits most of the training setuteslec

In case of alkyneghe additive LJ parameters falkyne atom type€G1T1 and CG1T2
were used for CQ1C1A and CQ1C1B, while the recently optimized Drude terminal alkene
hydrogen HQ2C1B was used for the terminal alkyne hydrogen HQ1C1B. Using these as the initial
starting point, the MD simulations were performed to calculate tha ¥ d vapptthe training
set alkynes ethyne (ETHY), propyne (PRPYX}utyne (1BTY) and butyne (2BTY)(Figure
4.1). Overall, two scans were required for creating the training data for the DNN model of alkynes.
The ranges of LJ parameters scanned in both scanst@d in Table 4.2, where the best set in
each scan was identified using Qe function. Table 4.3 shows the quality of the parameters
for initial parameters and the best sets of scans 1 and 2. Note how the overall agreement with
experimental vaue progressively improves from #Ainit.i
properties, except for of propyne, where the difference increases fror87 A3 to -4.89 &
This was anticipated as the diff eroewhieéthgsei n t h
for ethyne and-butyne were 6.74 and 3.43 Avhich improved t60.46 and 0.54 Arespectively.
As seen from Table 4.3, although the initealHap already had a good agreement with the
experimentalalues, it still improved by an absoludé 0.20 + 0.03kcalmol, where the error

represents standard error over the four training set molecules.
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Table 4.3: Ranges of LJ parameters scanned during scan 1 and scan 2 of alkynes, for the
preparation of training data

Scan 1(20 sets)
Atom Types CQI1C1A CQi1C1B HQ1C1B
LJ Parameters & Rmin & Rmin 1 Rmin
Initial -0.1670 | 1.8400| -0.1032 | 1.9925| -0.0387 | 1.1215
Lower Limit -0.1991 | 1.5769| -0.1230 | 1.6079| -0.0727 | 0.9073
Upper Limit -0.1349 | 2.1951| -0.0834 | 2.2774| -0.0337 | 1.3918
Best Set -0.1857 | 1.6284| -0.1164 | 1.9427| -0.0695 | 1.1495
Scan 2(100 sets)
Atom Types CQI1C1A CQi1C1B HQ1C1B
LJ Parameters 1 Rmin & Rmin 1 Rmin
Initial -0.1857 | 1.6284| -0.1164 | 1.9427| -0.0695 | 1.1495
Lower Limit -0.2133 | 1.5478| -0.1337 | 1.7504 | -0.0729 | 1.0926
Upper Limit -0.1581 | 1.7090| -0.0991 | 2.1350| -0.0661 | 1.2064
Best Set -0.1888 | 1.6292| -0.1012 | 1.9408| 1.0972 | -0.0713

Table 4.4: Quality of LJ parameters for initial, best of scan 1 and best of scan 2 for alkynes.

Alkynes

L vm 00 Hap
Molecule Description Oift %Dift Dift %Dift
Initial 6.74 9.75 -0.20 -5.41
Ethyne Best Scan 1 -1.51 -2.48 0.86 18.14
Best Scan 2 -0.86 -1.40 0.39 9.14
Initial -0.87 -0.87 -0.28 -5.36
Propyne Best Scan 1 -5.24 -5.50 0.18 3.17
Best Scan 2 -4.89 -5.11 -0.10 -1.77
Initial 3.43 2.53 0.47 7.69
1-butyne Best Scan 1 -0.57 -0.43 0.45 7.33
Best Scan 2 0.54 0.41 0.19 3.22
Initial 0.96 0.73 0.01 0.16
2-butyne Best Scan 1 0.92 0.71 -0.47 -8.01
Best Scan 2 0.52 0.40 -0.17 -2.75

Although LHD allows sampling from the chosen LJ parameter space uniformly, it daes kv
resolution suchihat identifying the regions which contain the globally optimal and transferable
parameter set might be difficult. DNNs delineates the complex relationship between the input

andY j for multiple atom types and outpit, a n d vagfoimultiple molecules, to determine
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a set of globally optimal and transferable parameters for the targeted chemical class. A DNN model
for alkynes was trained using 100 sets from scan 2, using Mean Absolute Error (MAE) and Mean
Squared ErrofMSE) as the error metric¥he convergence of the error metrics (MAE and MSE)
during themodel developmens shown inFigure 4.1. As seen from the figure, the errors largely
converged after 100 epochs, although training continued to meet the critenissdi$ above and

in Chapter 2 and ref 109. The resulting DNN model was able to predict the empirical
thermodynamic properties of all alkynes, with &@0iR0.996+0.004 for ¥ and 0.923+0.043 for

g Hapin the test split (20 % of the training dasee above The agreement in the test split of the
model indicates strong predictive ability of the model, although the quality of the model will also

be validated after the Bruteorce search process in the next step.
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4.3.2High-throughput LJ parameter selection

4.3.2.1Sampling of 10 million LJ parameter sets through BruteForce Sampling

As described in Chapter 2 and ref 109, the trained DNN model was used to Yredict d vagpH

for 10 million sets of LJ parameters, where the range of LJ space scanned by the algorithm was
the same as the range of the training data. The parameter sets were sampled stochastically using
the BruteForce algorithnt?® 23whichis a problemsolving method where all possible solutions

to a problem are tested individuallext, oncethe 10 million LJ parameter sets were sampled

the custom error functio , was applied tgort these sets in order of their agreement with the
experimental pure solvent properties of the training set alkynes. Once sorted, the top 100,000 sets
of LJ parameters were used for the gémse evaluation of through their RMSEs described in
Chapter 2, ref 109 and Chapter 3. However, at first, the quality of the DNN predictions were
compared to the empirical values for 25 sets sampled uniformly froBrtite-Force output.
Appendix40 depicts the agreement of the predicted to empirical valugs (\082+0.026Gnd

@ Hap 0.917+0.04%, when applied to BrutEorce Sampling step. The Rdicates the prediction

ability of the overall DNN model to predict @a of the two pure solvent properties, while the
errors are standard deviation of the correlation over all molecules.

4.3.2.2Ab initio rare -gascompound interaction based RMSE evaluation of the top 100,000

LJ sets

The top 100,000 LJ sets out of BrRerce samiing were subjected to the calculation of ab initio

rare gasmodel compound interaction based RMSFigure 4.2 shows the relation between the
gasphase error metric RM$Fand the condenseqehase error metri@ . The figure depicts the
distribution of RMSE on the margin of saxis, and distribution of th® on the yaxis. The

distribution of RMSE for alkynes is slightly centered towards the origin of tkaxis, similar to
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that in alkene$ as seen in Chapter 3 (Figure 3.2), hegrethe distribution is less smooth than

that of alkenes, indicating more prominent clusters than alkenes. Note that the réngeawid

RMSH are both very narrow, where the total rang&of is 1.99 to 2.72, the RM$Fanged

from 0.0418to 0.0766 for the 100,000 sets of alkynes. To compare the quality of the empirical
condensed phase parameters and choose an appropriate parameter set, three LJ parameter sets were
selected and were subjected to calculation of empiNGala n d vaggbdt both traning and

validation set compounds.
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Figure 4.3: Correlation between the gakase error metric RM$Fand the condensqehase error
metricQ for alkynes.

4.3.3Selection and Validation of the finalparameters.

Three different LJ parameter sets were selected to evaluate their empiriesbiyerd properties
for both training and validation set alkynes. The selections were made such that while the
ranged from 1.99 to 2.71, their RMS¥Fariedat a narrow rangef 0.0418 to 0.051althoughthe
highest RMSE was 0.0766This was done to ensure optimal gdmse and condensptiase

behavior of the selected sets. The predicted and emf@xicalalues for the chosen sets are listed

142



in Table 45. Note that while the DNN did not predict the ;  directly,Q was based

on the absolute differences of the DNN predicted {soieent properties with their respective

experimental values for all training set molecules. Syl Q 5 was based on the

empirically calculated pursolvent properties of these molecules. Note that the ranks of the
Q r andQ § overthese three sets are same.

Figure 4.3 and Figure 4.4 represent the absoluteagedlifferences of empiric@m and
o Hap Over the training set alkynes (Figure 4.8Aand validation set alkynes (Figure 4.4
Also represented in these two figures are the quality of the empiricakplwent properties of
individual molecule inthe training set (Figure 4.3-B) and validation set (Figure 4.4-[0),
arranged in order of their RMSFvalues. As seen from Figure 4.3-B), for the training set
compounds, the absolute differencesVim over the group increased progressively with the
increase in the RMSFvalues, while thep Hap of the group slightly reduced in progression with
increasing RMS¥. Figure 4.3 (D) shows the contributions of the individual training set
molecule to the average value. As seen from this figure, the absdfetentie inVn of PRPY
increases with increase in RMSEnd is the major contributor to the trend. Note that PRPY has
always shown a high difference even in the LHD scans, where the difference increased by ~ 5.0
A3, to fit the properties of other moleculéhis difference was still higher than all the three LJ

sets being evaluated for the final selection. Set 0 with the@ast of 2.7100 and?

of 2.8835, shows the best fit for all alkynes, exd&pdbf PRPY, while thep Hap of all compounds
are lower than 0.%cal/mol for all three sets, while th®  values of set 9407 was also

comparable, although with a better RMSF
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Table 4.5: Selected LJ sets with absolute average differen®eify ¢ u . i ) &aaldhol)pHV ap |
predicted and empiricg® and RMSE of training set alkynes.

Alkynesi Training Set Molecules
Diff (+SE) Diff (£SE) 5 . K
SetiD Vm (cu. A) o Rap (kcal/mol) W Fera® L e RMSF
Initial starting LJ 3.00+1.38 0.05:0.02 NA NA NA
96181 1.98+0.54 0.30+0.09 2.7100 2.8835 0.0418
9407 1.74+0.73 0.25+0.06 2.3500 2.4904 0.0486
0 1.62+0.97 0.23+0.07 1.9900 2.3060 0.0516
A Abs. Avg diff. VK B Abs. Avg diff. AHK,,
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Figure 4.4: Absolute differences of the empirical to experimental values for AQWweér training
set mol e cwhloeestraiBing)set mpecules C.y\6f all training set alkynes and D.)
o Hap Of all training set alkynes.
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The test was further extended to the validation set alkynes using the same three sets, where the
validationset molecules were also subjected to the calculation of their empirical pure solvent
properties. Table 4$hows thed ;  of thevalidation set compoundBigure 4.4 represent the
absolute average differences of empirMala n d vagp\tér the validation set alkynes (Figure 4.4

A-B), along with contributions from individual validatieset alkyne to the overall trends (Figure

4.4 GD). As seen from the figure, s86181shows the least Wabsolute average difference of
4.56+1.28 cu. Awnhile the standard error is the highest, while set 9407 shows thg least

absolute average difference®?3+0.25calmol and has the leadt |  for the validation set

alkynes. As seen from Figure 4.4 Gpéntyne (2PTY) has the maximum contribatto the
absolute average difference innVwhile all validation set alkynes (all lorghain alkynes:
pentynes and hexynes) also showed higher differences.iN&te that a similar observation was
made earlier in Chapter 2, ref 109 and Chapter 3, wdielang-chain molecules showed a higher
difference in their V. As discussed earlier, the possible reason behind such a difference might be
the-CH. groups, where it was consistently observed that on increase in the chain length or ring
size of these motriles, the differences in the,\becomes higher. As depicted in Figure 4.4 D, 3
hexyne (3HXY) was the largest contributor to the trengb &fap, while all other alkynes, especially

in set 96181, had a more consistent behavior with lower absolute differéveote that the
experimental reference (&P Chickos and Acree 2003) of 3HXY is a compilation of the enthalpy

of vaporization of multiple compounds bas®dexperimental citations. The book mentions that
the pH« of 3-hexyne was derived from its vapor pressure through the Clausius Clapeyron
equation, as listed in a compendiétfiwhere the exact temperature of the calculation was
unknown. Given the uncertainty of the expental data forp Hap, the values reported fop Hap

of 3HXY are based on the same temperature for which the experimental liquid density was

145



available, i.e. 290 K, while the boiling point of 3HXY is 354% Such uncertaitnes have also

been highlighted for-2yanopyridine and-8yanopyridine in Chapter 3, where propertpsap

and Hu of each of the two molecules were experimentally calculated at the same temperature.
Experimental uncertainties such as these is anctialenging aspect of the optimization of LJ
parameters in empirical FF, which regrettably cannot be resolved.

Overall, as indicated by tH® ;  value of the validation set alkynes, set 9407 has the
best fit while the same set also had lower ;  for the training set data. Hence, set 9407 was
chosen as the final LJ set, given its compliance with botiplgase and condensptiase behavior
for the training set compounds, and its transferability to the validation set compounds.

Table 4.6: LJ parameter sets with absolute average differengainc u . | )ap(k&alndol), pH

‘Q  empirical and RMSFvalues for the validation set compounds for alkynes. *RM&hotes
the RMSF of the corresponding set calculated from the training set molecules.

Alkynes Validation Set
Diff (+SE) Diff (+SE) 5 K
set|D vm (cu. A) o Hap (kcal/mol) W o - RMSF
96181 4.56+1.28 0.97+0.19 9.3209 0.0418
9407 4.81+1.03 0.73+0.25 8.7365 0.0486
0 5.02+0.95 0.92+0.21 9.7190 0.0516
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4.3.4Quality of the hydration free energies and dielectric constants with the final LJ

parameters

Once theihal LJ parameters were selected, as a part of the method, the hydration free energy and
dielectric constant of the group were also evaluated. While the hydration free energy of these
compoundss still under evaluation the dielectric constants along withVm a n d vagpHall

training and validation set molecules are listed in Table 4.7 and 4.8 respectively. Since the

experimental dielectric constant of none of the alkynes could be found, a comparison with the
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CHARMM additive FF is reported in Table 4.®hile the overall quality of the pwwolvent
properties is reported in Table 4.9.

As observed from Table 4.7 and Table 4.9, the quality of the parameters in the Drude
polarizable FF usually showed better agreement with the experimental values, whanecbiop
the additive FF. Although the training set molecules such as propymeyrde and utyne
showed slight increases in the differences i) Me differences were subtle with respect to the
total magnitude. For validation set compounds, of 2-pentyne in Drude FF showed a larger
difference with experiment when compared with the additive results, while improving the
agreement ofe Hap by ~ 0.8kcalmol over the additive FF. For all other validation alkynes, both
Vm andae Hap showed bettergteement in Drude FF.

Table 4.7: Thermodynamic properties/f and aHvap) Of alkynes. Differences in molecular
volumesVn, in A% and enthalpies of vaporization and sublimatiokdal/mol.

Alkynes
Training Set
Molecule Force Field Vim aHvap
Diff %Diff Diff %Diff

Ethyne Additive 0.51 0.81% 0.60 12.50%
Drude Final 0.39 0.62% 0.14 3.36%
Propyne Additive -3.17 -3.26% 0.14 2.48%
Drude Final -3.73 -3.86% -0.20 -3.72%
1-butyne Additive 1.02 0.76% 0.58 9.31%
Drude Final 1.91 1.42% 0.24 4.05%
2-butyne Additive -0.48 -0.37% 0.30 4.49%
Drude Final 0.94 0.72% -0.42 -7.03%
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Table4.7 continued

Table 4.7 Thermodynamic properties/{ and aHvap) Of alkynes. Differences in molecular
volumesVn in A% and enthalpies of vaporization and sublimatiokdal/mol.

Validation Set

1-pentvne Additive -4.93 -3.11% 0.58 7.87%
peny Drude Final -4.56 -2.87% 0.10 1.50%
2-pentyne Additive -5.45 -3.52% 1.05 12.49%
penty Drude Final -8.38 -5.52% 0.27 3.52%
1-hexvne Additive -5.00 -2.69% 1.27 13.69%
Y Drude Final -2.46 -1.31% 0.72 8.26%
2-hexvne Additive -4.48 -2.46% 1.85 18.76%
Y Drude Final -3.25 -1.77% 1.13 12.41%
3-hexvne Additive -6.78 -3.73% 2.85 28.11%
y Drude Final -5.42 -2.96% 1.40 16.11%

Table 4.8: Dielectric Constants of all molecules in Alkynes in CHARMM additive and Drude
Polarizable FF.

Alkynesi Dielectric Constants

Molecule Force Field Temperature (K) ( AV[;Ie(I)eVCet:Ig rCu%r;s;ta;_}_D)
Ethyne Additive 189 2.15+£0.05
Drude 189 2.00£0.01
Propyne Additive 242 2.54 +0.03
Drude 242 2.82+0.04
1-butyne Additive 298 2.26 + 0.02
Drude 298 1.94 +0.02
2-butyne Additive 298 1.79+£0.00
Drude 298 1.78 £ 0.01
1-pentyne Additive 298 2.17 £ 0.02
Drude 298 2.00 £ 0.02
2-pentyne Additive 298 1.82+0.01
Drude 298 2.35+0.08
1-hexyne Additive 298 2.50 + 0.05
Drude 298 2.39+£0.10
2-hexyne Additive 290 1.80 £ 0.00
Drude 290 1.92 +0.02
3-hexyne Additive 290 1.79+0.01
Drude 290 1.92 + 0.02
Average Additive STD) 2.09+0.31
Average Drude ¢STD) 2.12+0.33

Since the experimental values of the dielectric constant for none of the alkynes are
available, we compared this property with respect to those calculated using CHARMM additive

FF. As depicted in table 4.8, the dielectric constant for all molecules isomless similar to those
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in the additive FF, although some subtle differences do exist, where the dielectric constants in

Drude FF are slightly higher. These differences are however anticipated, as polarizable FFs

represent this property better than agditFFs2®® although this observation could only be

ascertained through experimental data.
Table 4.9: Pure solvent properties averaged over the training and validation set alkynes. Molecular

volumesVmin A®and enthalpies of vaporizationkcal/mol. Differences and percent differences
are unsignedeported uncertainties represent standard error values.

Alkynes
Training Set Validation Set
Force Field Vm Vm P Hap aHvap Vm Vm aHvap aHvap
Diff. % Diff. Diff. % Diff. Diff. % Diff. Diff. % Diff
Additive 1.30+0.55| 1.30+0.57| 0.41+0.10| 7.20+1.97| 5.33+0.35| 3.10+0.21| 1.52+0.35| 16.18+3.08
Drude 1.74+0.73| 1.66t0.65 | 0.25+0.06 | 4.54+0.73 | 4.81+1.03| 2.89+0.65 | 0.73+0.25| 8.36t+2.42

4.4 Conclusion

The optimization of LJ parameters is one of the most challenging aspects of empirical FF
development and can be classified as a multivariate namii-objective problem. Such an
optimization is typically based on experimental thermodynamic properties of multiple molecules,
where the challenge multiplies with increased number of atom types being optimized. To
overcome such challenges, we developéigh throughput method in Chapter 2, which utilizes
LHD to sample the vast LJ space and DNN to find the globally optimal parameters. To validate
the gasphase, the process compared the top 100,000 LJ parameter sdtstio edre gasnodel
compound irgraction based RMSF evaluation. A few sets were systematically chosen from the
100,000 sets for further selection of the final LJ parameters in Chapter 3, which were subjected to
condensegbhase evaluation of both training and validation sets. Such anaéweal allowed
selection of the final LJ parameters, such that the quality of the parameters was not only optimal
for the training set compounds but were also transferable over the validation set compounds.

Additionally, the process also involved evaluatiof other important condensgthase properties
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such as hydration free energy and dielectric constant, to confirm the suitability of the physical
behavior produced by the final LJ parameters.

In this chapter, we applied the updated method on anotheraflassnpounds, alkynes,
over 9 different molecules, with 3 different alkyne atom types, CQ1C1A (internal alkyne carbon),
CQ1C1B (terminal alkyne carbon) and HQ1C1B (terminal alkyne hydrogen). The overall quality
of the parameters from the final LJ set, wkd better agreement with the experimental values
when compared to the additive FF, where although the absolute differengeséné/comparable
(additive : 3.54+0.78 Aand Drude FF : 3.4520.82°At he a gr e aJ.pveas muchobétterseH
with Drude FF (dditive: 1.02+0.2%calmol and Drude FF: 0.51+0.1&almol). As mentioned
in the results, the transferability of the parameters of alkynes also showed improvements when
compared to the additive. Overall, the parameters optimized for alkynes in thisramagt be

finalized after the evaluation of the HFE of the compounds.
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Chapter 5Challenges in Empirical Force Field Development

5.1 Introduction

The mathematical form of potential energy functions along with its constituent parameters that
populate such a forrare known as empirical force fields (FFs). Such equations are deployed in
computer simulation approaches such as Monte Carlo (MC) and Molecular Dynamicst¢MD),
calculate the potential energy of the simulated system, and hence determines the accweacy of t
representation. Given the role of FFs in the reliability of such computer simulation methods, it is
important that they are optimized carefully and are regarded as a task of precision. The process of
optimization of FFds multifaceted and is typicallbased on either using Quantum Mechanics
(QM) or experimental data as the target values. The development of empirical FFs typically
involves optimization of model organic compounds to build the fragments for biomolecules, drug
like organic molecules or ganic materials. Some examples of widely utilized empirical force
fields include CHARMM (Chemistry at HARvard Macromolecular Mechani#sh\MBER
(Assisted Model Building with Energy RefinemehtGROMOS (GROningen MOlecular
Simulation)® OPLS (Optimized Potentials for Liquid Simulation$)MMFF (Merck molecular

force field)!? etc. The functional form of the potential energy as implemented in CHARMM s

representa:

Y'Y B O @ ® B 0O — — B 0 p WEE ...

B 0 1 1 B % %6 B O 6 6

B - h C h _— Equation5.1
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As represented in the equatio¥,? denotes the total potential energy of a system, wisitte
sum of the bonded (covalent) and the+hamded (norcovalenj interactionsThe bonded part of
potential energyncludescontribution from bong valenceangles, dihedralanglesand improper
dihedral angles in a systerithe correspondingarameters such a®, qo and wo represent
equilibrium values for bonds, angles, and improper angles, whiléand Ky are their respective
force constantsThe nonbonded part of potential energy includes contributions from the van der
Waals (vdW) interactions and electrostatic interactiome ¥dW interactions in CHARMM s
represented by Lennatlbnes (LJ) formalism implemented using th&26term, that represents
both favorableinteractions associated with London dispersion foeresshortrange repulsive
interactions associated with theulfé exclusion principa The parameters that define such a form
in CHARMM are thewell depth- of the LJ energy surfadeetween two noibonded atomsand
j and the distance betwed¢hem,Y |, when the LJ potential energy surface reaches
minimum. The electrostatic interactions in CHARMM are represented by Coulombic potential,
which includes parameters suchfiiagandr] representing the
charges on two nehonded atomsandj, andi that represents the distance between them.
Bonded parameters are parametrized to fit the QM potential energy surfaces with a
substantial reproduction of the QM vibrational modes, to ensure conformational reliability of the
molecules. Electrostatic parameters such as partial atomic charges, ptdamizabilities (for
CHARMM Drude polarizable FF only) and Thole scale fac(brside FF) are optimized to fit the
QM molecular dipole moment, dipole moment vectors, molecular polarizability, and polarizability
tensors (Drude FF), along with QM waterdrdction energies and distances. Optimization of the

LJ parameters are typically based on reproduction of thegmvent/crystal thermodynamics
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properties for a set of model compounds, whilerdiio gasphase data is also used, either solely
or in conpnction with the thermodynamic properties.

While the overall process of FF development is challenging in itself, there are specific
challenges associated with almost every type of parameter that comprise the functional form.
While this dissertation addsses the challenges associated with the optimization of the LJ
parameters, the challenges pertaining to the optimization of electrostatic and bonded parameters
have been addressed elsewhér®4 116 14{\/hile subsequent efforts have been made to overcome
such challenges, some of theme ajet to be addressed. Presented through this chapter is a
discussion of some of the challenging problems related to the development of empirical FFs, along
with probable or recently identified solutions. While our discussions will be based on FF
parametzation in CHARMM additive and Drude polarizable FFs, most of the discussions are

applicable to almost any empirical FF.

5.20vercoming challenges of generalizing Drude FF related to electrostatic and bonded

parameters

5.2.1 Electrostatic parameters

With respetto the functional form of potential energy in additive CHARMM (equation 1), there

could be only one electrostatic parameter that needs optimization, the partial atomic charges.
However, polarizable FFs such as the Drude FF, have two additional paramete®mic

pol arizability (0)%Asdiscusbed abdvh, inlthe codtaf thé Brudé act or
FF, these parameters are typically optimized based on QM water interaction distances and
energies, QM molecular dipole moment and QM molecular polarizability. Although fitting these

parameters to reproduce the QM data sounds simple, tleendst challenging aspect of
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electrostatic parameter optimization is determining the initial parameters, followed by the
challenge of fitting such parameters to match the alnosetioned QM target data. While
programs such as CGenFF2 for CHARMM additive FF,Antechamber for AMBER; and
LigParGen for OPL$%® are available for the derivation of the partial atomic charges from
aralogous atom types, the rapid prediction of atomic polarizabilities and Thole scale factors in the
Drude or any other polarizable FF, was a challenge until recently. This challenge was recently
overcome through development of a Deep Neural Network (DNNehimased on the atom types

and atomic connectivities as features and Restrained Electrostatic Surface Potential*{RESP),
based QM charges, QM atomic polarizabilities and derived Thole scale factors as tar¢fét data.
This method trained with information from40,000 druglike compounds from the ZIN€®
databaseshowed considerable performance during its development and subsequent validation.
Additionally, through this thesis we applied this DNN model to predict the properties of 44 model
conmpounds belonging to 5 different chemical classes, including alkenes, alkynes, 8 and
membeed cyclic rings (including cyclic alkanes, cyclic ketones, and cyclic acetates) and nitriles.
Thus, utilizing this recently developed DNN models for determinatiah aptimization of the
nonbond parameters is a step further in overcoming the challenges of generalization of the Drude

FF.

5.2.2Bonded Parameters

As described above and in Chapte @f this thesis, the bonded parameters such as equilibrium
bond length o), equilibrium angle do), dihedral multiplicity (n) and phaseg ), equilibrium
improper anglewo) and their respective force constaris,(Kq, 0 andKw) are the parameters

that need to be optimized to ensure the conformational accuracy of the molecules. While these

parameters are generally optimized to fit QM potential energy surfaces (PES), empirical FFs can
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also use QM vibrational spectra for additiomalidation of the conformational properties of the
molecules. Use of vibrational as the advantage that the combined contribution of different bonded
terms in the FF to distortions of the molecules may be more accurately optimizedhe
electrostatic pameters, a significant challenge of optimizing the bonded parameters is the
prediction of the initial values. Programs like CGenFF for CHARNMBédneral automated atomic
model parameterization (GAAMPjor CHARMM and AMBER FF Antechamber for
AMBER,*" and LigParGen for OPL$%° are available for the assignment of atom types and initial
bonded parameters. For Drude polarizable FF, which has different atom types than the CHARMM
additive general FF, CGenFF, it was necessary to generate the initial atom types. This was
performed by taking advantage of the CGenFF program that accesses a rules file to perform atom
typing. Accordingly, we were able to adapt the original CGenFF rules fipeotuce the atom

types in Drude Polarizable BE. Although, all such programs assign the initial parameters by
recogrizing the atom types and assigning the exact or analogous bonded parameters available in
the FF, the assignment of the initial parameters may not always be optimal, thus mandating further
optimization. Furthermore, the optimization of bonded parametersotisalways easy and
historically has applied hartdning to obtain the right combination of force constants and
equilibrium values. Fitting of dihedral angles is particularly challenging as it includes truncated
Fourier series (ranging from 1 to 6) of texthat need to be considered. Although the optimization

of dihedrals may be obtained using specific Monte Carlo Simulated Annealing (ME&A)ast

Square Fitting (LSFITPAR)nethods$®* such algorithms can only fit single parameter at a time,
thereby limiting the optimization for a set of parameters. To overcome suddngfes, advanced

tools utilizing statistical, or Machine Learning methods are being increasingly employed. ParamFit

is one such tool that implements a combination of genetic and simplex algorithms to determine the
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optimal set of bonded parameters, inclgginose of the dihedral ang8.This tool is meant for
optimization of all bonded parameters in AMBER FF, including equilibrium values, force
constants and multiplicities and is an advanced version of its predecessor Paramscan, that could
only optimize bond length, bond angle and dihedral angle t&hBetermination of appropriate
force constant is another challenging aspect of bonded parameter optimizdticim,usually
depends on the quality of the initial guess. Determination of suitable force constants related to
bonds, angles and dihedrals not only help in the fitting the QM PES, but also helps in matching
the QM vibrational spectra. For this purpose, $tks Fitting based methods have proven helpful
and are increasingly being develog&d?"°

While the challengesf bonded optimization with respect to the Drude FF also remain
similar, given the vast and evexpanding nature of the chemical space, a high throughput
optimization of the bonded parameters will also be required. Although, FF parametrization toolkits
such agrorce Field Toolkit (ffTk§* 1*andFFParant! are both efficient and user friendly, their
Graphical User Interface (GUI) based approach limits optimization of multiple mol¢ogétker.
For this purpose, a LindBased ifhouse commandline version of FFParam is under alpieating
at the MacKerell lab, and has also been used for the optimization of all molecules included in ref
109 and this thesis®® Although, FFParam utilizes LSFITPAR for the apization of the bonded
parameters, implementation of a Hessian based approach, or similar to the ones in ParamFit, shall
aid in the optimization of multiple bonded parameters together, thus expediting the process of

expansion of the FF.
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5.3 0vercoming challenges in LJ parameter development with the developed method

5.3.1The curse of dimensionality

Optimization of the LJ parameters are one of the most challenging aspects in the development of
empirical FFs. The motivation of the LJ parameter optimization ideatysst®m the requirement

of including a new atom type related to a new chemical class or functional group. Atom types in
CHARMM or AMBER FF are the chemical environment of an atom, defined by its hybridization
state, bond order, type of bonded neighboritmma number of bonded hydrogens, etc. The
optimization of LJ parameters, andY  , typically involves reproduction of the experimental
thermodynamic properties s uwhenthalpy of sublimaionpy o f
( aafd), molewlar volume (\4), isothermal compressibility, and viscosity, etc., for multiple
compounds containing the functional group under consideration. The goal of such an optimization
process is to identify a single set of LJ parameters that can reproduce theneniz
thermodynamic properties of all representative molecules of a chemical class. However, in reality,
the representative molecules could have widely separated local minima, where brute force
searching for the global minima in this multivariate partemspace would almost be impossible.
Furthermore, as a typical protocol of LJ parametrizationlves not one but multiple atom types

bel onging to the same class, the challenge of
To overcome such changes associated with the multivariate and rmlifective problems of LJ
optimization, through this thesis and t&f we developed a method that implements a statistical
sampling method called Latin Hypercube Design (LH®Dyniformly sample the multivariate LJ
space'®® Through this method, LHD generated a set of LJ parameters, which were then used to
calculate the empirical thermodynamic properties of the training set molecules using MD. The

generated data was utilized to train a of Deep Learning (DL) modehwhrnessed the predictive
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power of Deep Neural Network (DNN) to learn the relationship between the multivariate LJ
parameter sets to the muitibjective thermodynamic properties of the training set molecules. The
information stored in the models were rthatilized to predict the thermodynamic properties of
training set molecules fdOmillion LJ parameters sets, out of which top 100,000 sets were chosen
for ab initio rare gasnodel compound interactidmased evaluation of the gpbhase behavior.

Once evhuated, a few LJ sets that reproduced bothplese and condensptiase target data

well, were subjected to further evaluation and validation. Eventually, the final set was chosen
based on its gashase and empirical condengauthse properties, while trguality of the LJ
parameters sets was also evaluated for transferability to the validation set compounds. The final
LJ set was then tested to reproduce other thermodynamic properties such as hydration free energy
and dielectric constant. Although the meathwas developed and tested on the Drude FF, it could

practically be used for LJ parameter development for any additive or polarizable FF.

5.3.2The problem of Parameter Correlation

Another challenge associated with the development of LJ parameter optiminaionempirical

FF, is the problem of parameteorrelation, where distinct sets of parameters yield similar
thermodynamic propertiég* 12°Such a problem is not new and was earlier identified to be caused
either due to the sole use of condergkdse properties® ?>3or by the sole use of gahase
properties,'*® for the optimization of the LJ parameters. To overcome this problem, Yin and
MacKerell (1998) devised a twatep LJ optimization process that implemented both ab initio rare
gasmodel compound interaction based data along with experimentalsplwent/crystal
properties of the target molecufé$The philosophy behind utilizing this twaiep approach was

to avoid selection of overfitted LJ parameters which woulteeibe physically viable in either the
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gas phase or the condensed phase, but not both. This method has been utilized for the optimization
of the LJ parameters in the additive CHARMM and Drude polarizable'#Fg?

In Chapter 2, we observed the presence of the parameter correlation problem in our data,
despite considering both gphase and condenspliase data for the selectiofthe final LJ
parameter sets. Additionally, it was also observed that for mostcluaig aliphatic or non
aromatic ring compounds, the quality of reproduction of the experimental data slightly
deteriorated, although staying comparable or better thativedBF. Note that our method scans
a wider range of LJ parameters than performed earlier, which is especially when the initial
parameters are not suitable for the given training set. Thus, to investigate if the problem was
observed because of the vastgauof the LJ parameter space explored in Chapter 2, we extended
the investigation to Chapter 3. In Chapter 3, we explored the problem of parameter correlation
using the same four groups, which was used for development and testing of the method, the
alkenes 3 and4 membeed rings and nitriles. Using a combination of-gasse and condensed
phase criteria, a thorough exploration of the parameter space was undertaken over the best 100,000
parameter sets scanned through this method. In this chapter, we ednttiat the problem of
parametercorrelation is inevitable, when a vast LJ space is scanned in search of the optimal
parameters. Thus, as suggested through the updated method, the final LJ parameters should be
chosen based on their ability to reproducehbab initio gagphase data and experimental
condensed phase data of the training set molecules, while their transferability to the validation set
molecules should be verified. Additionally, reproduction of other thermodynamic properties such
as HFE and diectric constant is also essential. Furthermore, we tested the updated method to an
additional group, alkynes, in Chapter 4 where the pure solvent properties of both training and

validation set compounds were reproduced optimally, by using the updateadmigsing the
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updated method, in Chapter 4, we were able to reproduce the experimental properties of the long
chain aliphatic and nearomatic ring compounds, consistently better than those in additive FF.
However, further proposal on a better reproductbthe experimental properties, is discussed

below.
5.3.3Challenges associated with the experimental data

5.3.3.1Lack of experimental data

Optimization of LJ parameters heavily depend on experimental pure solvent/crystal properties of
the targeted molecules. The fistep in the selection of these target molecules, typically involves
identifying compounds that havat eddandVnlOadehe exp
set of such molecules are identified, the simpler ones are chosen for the trainmigilsethe
remaining molecules are reserved as the validation set molecules. Although the process sounds
simple, availability of the experimental data is a major limiting factor in the development of LJ
parameters and often molecules with simpler connéesvithat contain less atom types are
unavailable. For example, while optimizing the LJ parameterd faembeed ring compounds,

not enough molecules with both experimental propertieaa\h d vapae/Eire available. Thus, to
include enough molecules in theogp 2oxetanone was included in the training set (Figure 5.1

A), which we later identified as a misfit with respect to the condepbade behavior of other
members of the same group. As discussed in Chapter 2 &3¢ cef replacing Dxetanone with
3-oxetanone (Figure 5.1 B), the correlations in the condepisase behavior of the training set
molecules improgd considerably?® Thus, identification of suitable molecules for training data

for LJ optimization is one dhe challenging aspects of the process, which relies on availability of

the experimental data.
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Although, using publicly available archives such as the NIST ThermoML ar¢hiceyld
be helpful in obtaining the required experimental data faster, finding data for specific molecules
of choice is still subjected to the actual availability of the properties of int@iess, a dearth of
experimental data is a challenge that could not be overcome until significantly more experimental
data is obtained, allowing for more databanks such a3ahbridge Crystallographic Data Centre
(CCDC)2¥% or Protein Data Bank (PDBJ?to be created that contain ptselvent and mixed

phase properties.
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Figure 5.1: Structure of compounds fot membeed ring compounds, with and without 2
oxetanone.
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